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SeparateGen: Semantic Component-based 3D
Character Generation from Single Images
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Abstract—Creating detailed 3D characters from a single image
remains challenging due to the difficulty in separating semantic
components during generation. Existing methods often produce
entangled meshes with poor topology, hindering downstream ap-
plications like rigging and animation. We introduce SeparateGen,
a novel framework that generates high-quality 3D characters by
explicitly reconstructing them as distinct semantic components
(e.g., body, clothing, hair, shoes) from a single, arbitrary-pose
image. SeparateGen first leverages a multi-view diffusion model
to generate consistent multi-view images in a canonical A-
pose. Then, a novel component-aware reconstruction model,
SC-LRM, conditioned on these multi-view images, adaptively
decomposes and reconstructs each component with high fidelity.
To train and evaluate SeparateGen, we contribute SC-Anime,
the first large-scale dataset of 7,580 anime-style 3D characters
with detailed component-level annotations. Extensive experiments
demonstrate that SeparateGen significantly outperforms state-
of-the-art methods in both reconstruction quality and multi-
view consistency. Furthermore, our component-based approach
effectively resolves mesh entanglement issues, enabling seamless
rigging and asset reuse. SeparateGen thus represents a step
towards generating high-quality, application-ready 3D characters
from a single image. The SC-Anime dataset and our code will
be publicly released.

Index Terms—3D character generation, single image genera-
tion, semantic components, multi-view images, large reconstruc-
tion model.

I. INTRODUCTION

ENERATING high-quality, animatable 3D characters

from a single image is a highly sought-after goal with
significant implications for film, gaming, and virtual reality.
While manual 3D modeling remains the gold standard, it is a
time-consuming and skill-intensive process. Recent advances
in image-conditioned 3D generative models offer a promising
alternative, but generating detailed, reusable 3D characters
from a single image remains a significant challenge [1]-
[4]. Existing methods often struggle with complex character
structures, diverse poses, and the inherent ambiguity of re-
constructing a 3D object from a single 2D projection. These
challenges frequently result in models with topological errors,
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poor geometry, and entangled components, severely limiting
their use in downstream applications like animation and asset
reuse.

Earlier approaches for image-driven character generation
often relied on parametric human models like SMPL [5],
using image generation models to guide the optimization pro-
cess [6]-[10]. However, these methods are inherently limited
by the expressiveness of the underlying parametric model and
often struggle to accurately capture diverse body shapes, cloth-
ing, and hairstyles. Recent methods like CharacterGen [11]
have shown impressive results by directly generating 3D
characters using multi-view diffusion models, avoiding the
limitations of parametric models. Nevertheless, CharacterGen,
like other holistic approaches, often produces topologically
incorrect meshes with fused components. This “mesh entan-
glement” arises from the difficulty in separating semantic parts
during the generation process, hindering downstream tasks that
require well-defined, independently manipulable components.

In stark contrast to these holistic approaches, professional
3D artists typically model characters as a collection of seman-
tically distinct parts (e.g., body, clothing, hair, accessories).
This component-based approach allows for greater control,
facilitates detail modeling, and simplifies tasks like rigging,
animation, and asset reuse. Inspired by this practice, we argue
that explicitly decomposing the character into its semantic
components during generation is a crucial step towards cre-
ating high-quality, application-ready 3D characters.

In this paper, we propose SeparateGen, a novel method for
generating 3D characters composed of semantic components
from a single image with arbitrary poses. As illustrated in
Fig. 1, our method differs from traditional holistic 3D model
generation approaches by explicitly decomposing the character
into four distinct components: body, clothing, hair, and shoes.
The key concept behind SeparateGen is to explicitly separate
the entire character model into components while using the
same set of input images to condition the generation process.
Each component maintains a consistent reconstruction resolu-
tion with the whole character and preserves the relative spatial
relationships between components and the overall character.
This effectively addresses issues related to model errors and
the loss of reconstruction details due to the lack of semantic
information.

SeparateGen contains two mainly stages: canonical pose
multi-view images generation and semantic component-based
3D character reconstruction. The first step converts input
images in arbitrary poses into a canonical pose and generates
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Fig. 1. Overview of SeparateGen. Given an arbitrary-pose image, we first apply Pose Canonicalization Diffusion to obtain an A-pose, followed by a multi-view
diffusion model to generate multi-view RGB images (see Sec. III-A). Then, SC-LRM decomposes the model into four semantic components and extracts
color, normal, and mesh for each (see Sec. III-B). Finally, Face Texture Back-project and Normal Surface Refinement enhance facial details and mesh quality

(see Sec. III-BY), yielding a semantic component-based 3D character.

consistent multi-view A-pose images. This step guarantees
multi-view consistency and addresses the challenges posed
by self-occlusion and the diversity of human poses in the
subsequent process.

In the second step, we use SC-LRM, designed based on
LRM [4], to generate high-quality semantic components using
the multi-view images produced in the first stage. SC-LRM
overcomes the challenge of sparse-view 3D character recon-
struction for semantic components. It incorporates multiple se-
mantic decoders, which decompose the character into distinct
components according to semantic information, effectively
resolving the mesh errors and component fusion problems
caused by the lack of semantic clarity in holistic model gener-
ation. Due to the inherent resolution limitations of LRM, SC-
LRM addresses the issue of insufficient precision by utilizing
feature plane super-resolution. This ensures that each semantic
component corresponds to high-resolution feature planes, thus
improving detail accuracy and quality. Additionally, we unify
the entire image as the conditioning input, enabling automatic
decomposition and ensuring that the generated components
preserve their relative spatial relationships. This approach
effectively addresses the challenges posed by inter-component
occlusions and the loss of spatial relationships after component
generation, eliminating the need for subsequent spatial posi-
tion optimization. Furthermore, inspired by [12], SeparateGen
incorporates a surface refinement process after extracting the
initial coarse meshes, enhancing details through the normal
field guidance and inverse texture mapping.

To train our SeparateGen, we build SC-Anime, a dataset fo-
cused on anime characters with semantic parts. We decompose
each character into four semantic parts. The resulting dataset
includes 7,580 semantically annotated characters, with both
the full characters and individual components rendered from

multiple viewpoints.

Quantitative and qualitative comparisons with the state-of-
the-art methods demonstrate that our approach outperforms
previous works in terms of both generation quality and consis-
tency. The qualitative comparison highlights how component
decomposition resolves mesh connection errors, proving its
superior performance in supporting downstream tasks such as
skeletal rigging and asset reuse. Our SeparateGen enables the
decomposition of online character images, providing change to
build a vast collection of 3D character components for freely
constructing character models.

In summary, our work makes the following contributions:

¢ a reconstruction model, SC-LRM, utilizes multiple de-
coders to adaptively separate the geometry, color, and
normal fields of semantic character components to gen-
erate characters with high-quality geometry and detailed
textures.

« adataset, SC-Anime, contains 7,580 semantically decom-
posed characters for training and testing our method.

« a convincing result, shows that our method outperforms
previous works in both quantitative and qualitative ex-
periments, indicating the usability of generated models
in downstream character applications.

II. RELATED WORKS
A. Decomposed 3D Representation and Generation

With remarkable advancements in 3D generation [13], [14],
significant progresses have made in this domain, ranging from
2D diffusion guidance-based generation [2], [3], [15]-[17] us-
ing Score Distillation Sampling (SDS) [1], to multiview-based
generation [18]-[20], to video-based generation for multi-view
consistency [21]-[23], and to LRM-based generation [4], [24]-
[27]. Additionally, the emergence of native 3D generation
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techniques [28]-[31] has further enhanced the quality of 3D
outputs. However, the primary focus of these advancements
remains on the generation of single objects.

Compared to single-object generation, multi-object 3D
model generation remains underdeveloped, as it requires both
high-quality object reconstruction and consideration of the
spatial relationships of individual objects within the generated
3D model, such as positioning and occlusion. ObjectSDF [32]
and ObjectSDF++ [33] propose a neural radiance field-based
object decoupling technique, which uses multiple decoders
to transform a neural field into the corresponding Signed
Distance Function(SDF) [34] values of individual objects.

DELTA [35] utilizes a hybrid combination of explicit and
implicit 3D representations, enabling the joint reconstruction
of compositional avatars. LayGa [36] leverages multi-layered
Gaussian representations based on segmented semantic infor-
mation, enabling the creation of layered animatable avatars
for clothing transfer with realistic details. NCHO [37] learns
to decompose the human body and objects by generating
multiple triplanes and then recombining them into a synthe-
sized human model in an unsupervised manner. To disentangle
each component, TELA [38] introduces a multi-layer clothed
human model parameterized by multiple Neural Radiance
Fields (NeRF) [39]. Part123 [40] generates images through
multi-view diffusion, and achieves 3D reconstruction with
corresponding vertex classification information by utilizing 2D
segmentation and contrastive learning. REPARO [41] employs
a two-step approach: extracting and reconstructing individual
objects as 3D meshes with pre-trained image models, fol-
lowed by optimizing them for coherent scene composition
using differentiable rendering. Frankenstein [42] proposes a
diffusion-based framework capable of generating semantically
composed 3D scenes in a single process. However, its appli-
cation is limited to geometry generation and lacks the ability
to enforce conditional constraints.

B. 3D Avatar Generation

Early character representation methods often relied on para-
metric body models such as SMPL [5] and SMPLX [43],
which were combined with neural networks for prediction
tasks. For instance, BCNet [44] constructs a clothing model
based on SMPL and estimates clothing skinning weights
using neural networks. Similarly, LGN [45] extends SMPL
by incorporating signed distance fields (SDF) to represent
different layers of clothing, offering a more detailed geometric
representation. ICON [46] and ECON [47] further integrate
SMPL-based models to optimize dressed human reconstruc-
tions by predicting body normal maps. Meanwhile, implicit
function-based approaches such as PIFu [48], PIFuHD [49],
and Geo-PIFu [50] leverage pixel-aligned implicit functions to
represent the human body, enabling more efficient and high-
resolution reconstructions. Some recent works [51], [52] focus
on dynamic garment modeling by generating clothed human
animations and predicting fine-grained cloth deformations.

More recently, diffusion-based methods for 3D human
generation [6]-[10] have emerged, primarily relying on 2D
diffusion models and optimizing the generation process using

SDS loss. Some approaches, such as DreamAvatar [6] and
TADA [9], employ SMPL [5] as a geometric prior to enhance
structural consistency. Others, such as AvatarVerse [10], in-
tegrate ControlNet [53] to provide additional SDS guidance,
improving controllability during generation. However, these
methods often suffer from the “Janus problem,” where multi-
view avatar reconstructions exhibit inconsistencies between the
front and back views, posing challenges for achieving globally
coherent 3D representations.

Recently, SO-SMPL [54] introduced a representation that
models the human body and clothing as two separate meshes,
linked through offsets to ensure physical alignment between
the body and clothing. This method also uses SDS for dis-
tillation to enhance generation quality. Additionally, Franken-
stein [42] demonstrated certain capabilities in part-based mod-
eling. However, these approaches remain unable to leverage
image prompts for text-driven 3D character generation, which
is essential for controllable character creation. In parallel,
MikuDance [55] showcased the potential of arbitrarily driving
2D characters for diverse animations, demonstrating impres-
sive effectiveness in 2D character animation and visualization.

CharacterGen [11] combines a multi-view diffusion model
with a large reconstruction model (LRM) [4] to enable image-
conditioned 3D character generation. It significantly improves
view consistency and condition control, but still faces lim-
itations in part-based modeling and the quality of geometric
details. Unlike the original LRM adopted in CharacterGen, our
proposed SC-LRM introduces a disentangled representation
by separating geometric and image feature planes, thereby
decoupling geometry from texture appearance. Beyond the
rendering supervision used in LRM, SC-LRM incorporates
additional normal supervision and SDF-based geometric su-
pervision, and further leverages super-resolution techniques on
the feature planes to enhance fine details. Moreover, instead
of generating an entire character mesh in prior works, our
framework explicitly generates semantic components, which
are subsequently composed into a complete character model.

III. METHODS
A. Pose Canonicalization and Multi-view Generation

Given a reference character image in an arbitrary pose,
our goal is to generate multi-view images under a canoni-
calized pose while maintaining 3D consistency. Due to the
complex joint structures of 3D character models, rendered 2D
images often exhibit intricate occlusion relationships, making
subsequent multi-view generation and 3D reconstruction more
challenging. To address this, we convert the input image into
a canonical A-pose, which is widely used in 3D character
modeling.Inspired by previous works [11], [56], we employ a
diffusion model that integrates features from the conditional
image during generation. For A-pose generation, we retrain the
model by injecting the arbitrary-pose image into the network
using the duplication of spatial self-attention proposed in [57],
combined with cross-image attention. Only the attention layers
are trained, with the A-pose image serving as the supervision
signal. This design enables effective transformation of a 2D
reference image with an arbitrary pose into its corresponding
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Fig. 2. SC-LRM Framework. SC-LRM combines input multi-view images and learnable tokens, passing them through a UNet-based encoder to generate six
feature planes. Taking the hair component as an example, valid regions are cropped and enhanced through feature plane super-resolution. Then, the queried
features are decoded into SDF, normal, and color fields using multi semantic decoders. The SDF fields are used to extract the mesh using the Marching Cubes
and supervised by the SDF loss. The colored meshes are rendered using "Render”, a differentiable renderer employed for both RGB and normal supervision.

A-pose image. Once the A-pose image is obtained, we build
upon MV-Adapter [57] as our baseline. To accommodate the
fixed four-view setting, we constrain the camera conditions
to specific perspectives and freeze the cond-encoder, while
keeping other components unchanged. We then train only the
multi-view and cross-image attention modules within the self-
attention layers. We train the model using the A-pose image
rendered at a 0° elevation and 0° azimuth as input, with super-
vision provided by four perspective views at a 10° elevation
with azimuths of 0°, 90°, 180°, and 270°. Additionally, during
training, we randomly resize the resolution of the reference
images to improve the robustness of the multi-view generation
process. As a result, the model can generate high-resolution
multi-view images even when provided with low-resolution
input images.

B. Semantic Decomposed 3D Character Generation

1) SC-LRM: Our SC-LRM aims to generate high-quality,
semantically decomposed 3D character that can adaptively
reconstruct components based on the input four-view images.
The decomposition is designed to enable each component to
be generated at higher resolution with independent details,
while separating different component features to strengthen
each decoder’s capacity for modeling specific features.

An overview of our SC-LRM is shown in Fig. 2. In SC-
LRM, the input four-view images, together with a set of
learnable tokens with shape 2 X dimg_emp X H x W, where
dimg_emb = 32, are processed by a UNet-based encoder.
The input images are first projected to the same embedding
dimension as the learnable tokens, and then concatenated along
the channel dimension to form the overall UNet input. These
learnable tokens act as additional parameters that introduce
geometric priors beyond what can be directly extracted from
images, enabling the network to capture complex geometric
information. The UNet output consists of six implicit feature
planes: four correspond to the input four-view images, denoted

asPimg1, Pimg2, Pimgs, and Pngswhile the remaining two are
geometry-specific feature planes derived from the learnable
tokens, corresponding to the XY and YZ planes, denoted
as Pyeor and Pyeop. This design allows for better extraction
of image information while explicitly encoding geometric
features. The following equations illustrate how these six
planes are queried to compute SDF values and surface values:

sdf = QueI‘Y( geol s Pg6027 Pimgl ) Pimg2)7 (1)
color = Query(Pimgl ; ngZa ng3a ng4)~ (2

For semantic components, we first obtain coarse compo-
nents by directly processing the six feature planes through the
decoders to determine their effective regions on the feature
planes. Then, we crop their effective regions from the six
planes and apply super-resolution to enhance their details.
Based on the super-resolved feature planes, multiple decoders
generate the SDF fields corresponding to each semantic com-
ponent from the shared set of six planes. The Marching
Cubes (MC) [58] algorithm is then used to extract the meshes
of the components from their SDF fields. During training,
the vertex positions of the extracted meshes are used to
compute their corresponding color and normal information.
The meshes are then differentiably rendered into 2D images
using Nvdiffrast [59], which are supervised against the ground-
truth 2D images. Additionally, the predicted SDF fields are
supervised using a loss function based on the ground-truth
SDF values to ensure the accuracy of geometric reconstruction.

2) Decompsed Generations: Inspired by prior works such
as [32], [33], [42], it has been demonstrated that decoding
semantic information as an additional output often leads to
rigid segmentation, resulting in incomplete or fragmented
components. So we extend the single feature-plane decoder in
SC-LRM into a decoder group, where the geometric decoder
and surface decoder are expanded into multiple decoders, each
controlled by a semantic switch. This design facilitates the
direct generation of multiple semantic components from the
same implicit feature planes.
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Given the limited availability of 3D data, particularly the
scarcity of datasets with semantic component annotations, it
is challenging for models to directly learn to reconstruct se-
mantically decomposed 3D characters from scratch. To address
this limitation, we pretrain our model on the Objaverse [60]
dataset under supervision for reconstructing complete objects,
enabling it to acquire general 3D reconstruction capabilities.
The feature plane decoder trained during this pretraining phase
serves as the initialization for decoding multiple semantic
components. Each decoder with sufficient 3D reconstruction
capabilities is further optimized using the component data
from our dataset. This optimization allows each decoder to
specialize in preserving the features related to its correspond-
ing semantic component, while discarding features unrelated.
After training, each decoder is fine-tuned to decode only
the information related to the specific semantic component,
ultimately reconstructing the corresponding components.

With this approach, SC-LRM generates geometric SDF
fields and normal fields for four semantic components, includ-
ing body, clothing, hair, and shoes, by using the input four-
view images. Additionally, as our dataset preserves the relative
spatial relationships between individual components and the
complete model, the components reconstructed by SC-LRM
maintain spatial consistency with the input images, ensuring
precise alignment in 3D space.

3) Region-Based Plane Super-Resolution: Due to the low
resolution of the feature planes in LRM, as specified in the
original work with 96 x 96 resolution, our SC-LRM adopts a
higher initial resolution of 448 x 448. However, for semantic
components, the effective regions on feature planes remain
relatively small. Directly increasing the resolution of feature
planes would significantly increase computational overhead.
In theory, the features of any point in space can be linearly
interpolated from features of surrounding grid points, and an
MLP allows the model to output shapes with continuous repre-
sentations at arbitrary resolutions. However, grid interpolation
often struggles to capture fine-grained details within individual
grid cells, thereby constraining the actual output resolution of
the reconstructed models to the resolution of grid points.

Inspired by [61], we hypothesize that the feature planes of
objects of the same class share inherent similarities, which
can potentially be enhanced using super-resolution. Based on
this insight, we first sample across the entire space to localize
the effective regions of each component, then project their
spatial positions from the bounding boxes onto the feature
plane and crop the corresponding areas. These regions are then
upsampled to a higher resolution and optimized using a zero-
initialized convolutional network that refines the upsampled
feature planes while maintaining consistent resolution between
input and output. Residual connections were employed to
integrate the output with the upsampled regions, producing
a refined, higher-resolution feature plane.

4) Training Loss: The original LRM [4] minimized image
reconstruction objectives, including MSE Loss and LPIPS
Loss [62], between the rendered views and the ground-truth
views. Additionally, we introduced a binary-cross-entropy loss
between the mask rendered from the model and the mask
derived from the ground-truth alpha channel. This additional

loss helps the model better identify effective regions:

Lrender = )\mseLMSE + /\lpipsLLPIPS + )\maskLmask- (3)

To accelerate geometric reconstruction, we employed ex-
plicit 3D supervision in addition to the 2D rendering-based
supervision, avoiding the two-stage training process of NeRF-
SDF and achieving faster and more stable convergence for
geometry. Specifically, we used the ground-truth SDF as
supervision. In practice, we randomly sampled 100,000 points
in the normalized space and another 100,000 points near the
mesh surface. The SDF values of these points were computed
as ground truth, and the SDF values predicted by SC-LRM
for the same points were minimized using MSE Loss:

LSDF - )\sdf_randomLSDF_random + Asdf_nearLSDF_near (4)

Furthermore, instead of computing normals from the recon-
structed mesh geometry, we directly predicted the normal field
and queried normals at the input points. Similar to texture
predictions, the normal field was optimized using the similar
loss:

Lnormal = Amse_nLMSE_n + Alpips_nLLPIPS_w (5)

The loss function for a single component and the total loss
function for the model are defined as:

Lsingle = Lrender + LSDF + Lnormal; (6)
L= Z L;, 1 € body, shoes, hair, clothing. (7)

5) Post-processing Refinement: Our proposed SC-LRM ef-
ficiently reconstructs 3D character models composed of se-
mantic components. However, the final surface extracted from
the SDF field using the Marching Cubes (MC) [63] algorithm
often exhibits surface irregularities, making further mesh opti-
mization necessary. As an essential property of 3D geometry,
normal information reflects the surface details of 3D models.
Inspired by MeshFormer [12], we avoid deriving a normal map
from the reconstructed geometry and using normal loss as a
supervisory constraint for geometric features. Instead, we treat
normals as a texture and apply the same processing pipeline
as surface color, decoupling the final normal generation from
the geometric computation process. The learned normal texture
can then be exported through the mesh. Additionally, we adopt
a post-processing algorithm [64], where the vertex positions
of the generated mesh are optimized using the corresponding
normal information as a reference, further enhancing geomet-
ric quality. Despite the super-resolution applied to the body
features, the effective surface area corresponding to facial
details remains relatively small. To address this, we utilize
the SAM model [65] to segment the facial region from the
frontal view of the character in the conditional image. The
segmented facial details are back-projected onto the optimized
mesh, significantly enhancing the quality of facial textures.

C. SC-Anime Dataset

1) Data Process: Existing large-scale 3D datasets, such
as Objaverse [60], OmniObject3D [66], and the latest 3D
character dataset Anime3D [11], do not contain component-
level semantic information. Thus we collected a variety of
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Fig. 3. An example character from our SC-Anime, showcasing image
in arbitrary pose and its A-pose image, with examples of decomposed
components.

anime character models from VRoid-Hub [67]. Through rig-
orous manual screening and semantic annotation, we ex-
cluded models unsuitable for decomposition, such as those
with inconsistent geometry or rendering artifacts caused by
transparent materials. The final dataset contains 7,580 high-
quality character models annotated with semantic component
information. An example from the dataset is shown in Fig. 3.

2) Semantic Component Annotation and Rendering: We
first separated character components according to the part
naming conventions defined in the VRM format [68], which
is the standard data format used in VRoidHub. The com-
ponents were categorized into four semantic groups: body,
clothing, hair, and shoes. In addition, some misannotated parts
were manually corrected and reassigned to their appropriate
semantic categories. Using Blender [69], we rendered both
the complete character models and the semantically separated
components. We rendered both the complete model and the
individual components in A-pose and arbitrary poses. For A-
pose characters, we added specific adjustments. The left and
right arms were rotated 45° about the Z-axis, and to enhance
the hand details and prevent finger overlaps, we sequentially
rotated the fingers from the thumb to the pinky finger by
{0°,22.5°,0°, —20°, —45°} to avoid any sticking. Other joint
parameters remained unchanged. For characters in arbitrary
poses, we also used 10 human skeleton animations from
Mixamo [70]. The camera was configured with a 40° field
of view (FoV) and positioned 1.5 units away from the origin
of the scene. During rendering, the camera’s position was
randomly sampled around the model, always directed towards
its center to ensure proper focus. For component rendering,
no additional normalization was applied in order to preserve
the spatial relationships of each component with respect to the
full character model. This ensures that the components retain
their original spatial information.

3) Geometric Representation: Since our 3D reconstruction
method relies on SDF representations [34], it is essential
to convert the original non-watertight meshes into water-
tight ones. While prior works such as PatchGrid [71] and
3PSDF [72] have shown promising results in computing SDFs
directly on non-watertight meshes for single-mesh reconstruc-

tion tasks, 3D generation requires a more generic and robust
SDF formulation. Drawing inspiration from the preprocessing
strategy of [29] [73], we first extract the unsigned distance
field (UDF) [74] from the input mesh. We then apply the
Marching Cubes (MC) algorithm [58] to generate a thin
watertight surface near the zero-level set by extracting the
isosurface where the UDF values equal a small threshold e.
This watertight surface is subsequently used to compute the
SDF field for training.

IV. EXPERIMENTS
A. Implementation Details

We split our SC-Anime dataset into a training set and
a testing set with a 99:1 ratio. SDXL [75] is used for
pose canonicalization and the multi-view generation. Both
processes are trained at an image resolution of 768x768. We
use AdamW as the optimizer with a learning rate of 5x 1075,
momentum parameters 5 = (0.9,0.999), and a weight decay
of 0.01. The training is conducted for 10 epochs with batch
size of 1. For training SC-LRM, we initialize the decoder
group using a single decoder pre-trained on the Objaverse
dataset [60]. During each training step, we randomly select
one semantic component, render it from arbitrary viewpoints,
and select four images for 2D supervision. Additionally, for
geometric supervision of the SDF representation, we ran-
domly sample points from the ground-truth SDF field. In
the semantic component training phase, Region-Based Plane
Super-Resolution operations on the feature planes are not
applied during the first 20,000 steps to ensure that the coarse
reconstruction results, generated from the component decoders
across the entire feature space, reach a near-stable state. After
20,000 steps, the region-based operations are activated to
refine the features further. The loss function parameters are
set as /\sdf_randoma )\sdf_neara )\mse, /\mask> /\lpip57 )\mse_na /\lpips_n
1.0,1.0,1.0,0.1,1.0,1.0,1.0. All models were trained on 8
x A100 GPUs. The A-pose and multi-view generation models
required only a few hours of training, while SC-LRM was first
trained as a general-purpose 3D generator and then fine-tuned
for multi-component generation over about two days.

B. Results and Comparison

We conducted experiments on 2D character multi-view im-
age generation and 3D character mesh generation to evaluate
the effectiveness of our character generation method. The
evaluation primarily utilized SSIM [76], LPIPS [62], and FID,
as well as using CLIP [77] to compute the cosine similarity
between the condition images and the generated images as
quantitative metrics.

1) Generation from Canonical Pose Inputs: Noting that
many existing methods do not support direct generation from
arbitrary pose inputs, we first conducted experiments using
canonical A-pose images as input. We evaluated our 2D multi-
view image generation model on our SC-Anime dataset and
compared the results with Zero123 [18], SyncDreamer [78],
CharacterGen [11], SV3D [21], Hi3D [23], V3D [22] and M V-
Adapter [57]. For methods whose original training datasets
did not include character data but provided training scripts,
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Fig. 4. Comparison of generated multi-view A-pose character images produced by our method and others. The top two rows correspond to results obtained

from A-pose inputs, while the bottom two rows correspond to results obtained from arbitrary-pose inputs.

TABLE I
QUANTITATIVE COMPARISON OF 2D MULTI-VIEW GENERATION METHODS
ON THE TEST SPLIT OF SC-ANIME

MVAdapter SV3D

T oInLy

T 1

) denotes images collected from the Internet.

TABLE II
QUANTITATIVE COMPARISON OF 3D CHARACTER GENERATION METHODS
ON THE TEST SPLIT OF SC-ANIME

Methods SSIMT | LPIPS) FIDJ CLIP Score?t Methods SSIM? | LPIPS] | FID{ | CLIP Scoret| CDJ
Zerol23 0.8070 | 0.1871 | 0.3970 0.8990 Era3D 0.8906 | 0.1037 | 0.0953 0.9033 0.0078
Zero123(Finetuned) 0.8133 0.1806 | 0.3260 0.8984 LGM 0.8969 | 0.1009 |0.1874 0.8736 0.0088
SyncDreamer 0.8463 0.1686 | 0.0577 0.8687 InstantMesh 0.9019 | 0.0946 |0.1494 0.8789 0.0081
SyncDreamer(Finetuned) | 0.8606 | 0.1363 | 0.0514 0.8936 Unique3D 0.9022 | 0.0922 |0.1078 0.9037 0.0088
SV3D 0.8947 0.0963 | 0.0730 0.9281 SV3D 0.8775 | 0.1370 | 0.1723 0.8009 0.0091
V3D 0.8787 0.1324 | 0.2110 0.9069 V3D 0.8866 | 0.1105 | 0.1175 0.8069 0.0081
Hi3D 0.8968 0.1121 | 0.0838 0.8986 CharacterGen(3D) | 0.8937 | 0.1006 | 0.0800 0.8939 0.0078
MV-Aapater 0.8788 0.1180 | 0.0659 0.9507 SeparateGen(3D) | 0.9091 | 0.0743 | 0.0769 0.9147 0.0009
CharacterGen(2D) 0.8870 | 0.1009 | 0.0618 0.9226

SeparateGen(2D) 0.9287 | 0.0551 | 0.0415 0.9695

we additionally performed fine-tuning. The quantitative results
are shown in Table I, with the generated results displayed in
the upper part of Fig. 4. As shown, our method demonstrates
superior performance compared to existing methods, which
struggle to maintain sufficient geometric and appearance con-
sistency in generated images.

Since existing methods are unable to generate semantically
decomposed 3D character models from a single image with
arbitrary poses, we compared our semantically decomposed
character models with monolithic models generated by other
methods on the SC-Anime test split, including Era3D [31],
LGM [24], InstantMesh [26], Unique3D [79], SV3D [21],
V3D [22] and CharacterGen [11]. The texture quality of the
models was evaluated by comparing rendered images from
four camera viewpoints with the ground truth images. Addi-
tionally, Chamfer Distance (CD) was used as a metric to assess
the geometric quality of the generated meshes. The quantita-
tive results are shown in Table II. The generated character
models from multiple methods are displayed in Fig.5. The
comparative results reveal significant limitations in existing
methods, including low geometric quality and reconstruction
accuracy. In contrast, our component-base generation not only
improves fidelity but also better aligns with the original mesh
design compared to monolithic mesh generation.

Furthermore, to quantitatively assess the consistency of the
2D and 3D generated results with the input images, we used
CLIP to compute the cosine similarity of image features,
which we refer to as the CLIP score. The detailed results are
presented in Table I and Table II. Our method performs well in
both the 2D and 3D generation phases, demonstrating that our
generated results maintain strong consistency in appearance
features with the input images.

2) Generation from Arbitrary Pose Inputs: Since Charac-
terGen supports generating 2D multi-view images and 3D
character models from images with arbitrary poses converted
into canonical poses, we also compared our method using
arbitrary pose inputs on our proposed dataset’s test set with
CharacterGen. The quantitative results for 2D multi-view gen-
eration and 3D character reconstruction are shown in Table III,
with visual results in the lower part of Fig.4 for 2D and
Fig.6 for 3D. CharacterGen exhibits issues such as color
shifts, texture detail loss, and limited geometric accuracy when
converting arbitrary poses to A-pose. In contrast, our method
demonstrates superior texture quality and enhanced geometric
detail, while maintaining 3D character decomposability. Char-
acterGen exhibits issues such as geometric distortion, loss of
details, and limited accuracy when generating 3D characters,
while other image-conditioned generation methods tend to pro-
duce fragmented geometric models, making them unsuitable
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Fig. 5. Comparison of the appearance and geometry of 3D characters generated by our method and other methods using A-pose inputs. @ denotes images

collected from the Internet.

TABLE III
COMPARISON WITH CHARACTERGEN USING IMAGES WITH ARBITRARY
POSES AS INPUT

Methods SSIMT | LPIPS] | FID] | CLIP Scoret | CDJ
CharacterGen(2D) | 0.8586 | 0.1404 | 0.0762 0.8781 -
SeparateGen(2D) | 0.8643 | 0.1334 | 0.0570 0.9043 -
CharacterGen(3D) | 0.8713 | 0.1218 | 0.1009 0.8834 0.0090
SeparateGen(3D) | 0.8933 | 0.0887 | 0.0840 0.9068 0.0014

for downstream applications. These results indicate that our
method consistently maintains high consistency in multi-view
generation and high-quality 3D character generation across
various conditions.

3) Semantic Components Generation: SeparateGen can
generate semantically decomposed 3D character models from
input images with arbitrary poses. Fig. 7 shows the corre-
sponding 3D components of shoes, hair, body, and clothing
generated from the input image. Despite challenges such as
self-occlusion caused by the complexity of the input pose and
inter-occlusion between the components into corresponding
components while preserving the original spatial relationships

of the input image. This allows for better adaptability to
downstream tasks.

C. User Study

To evaluate the robustness of semantic component gener-
ation by SeparateGen, we conducted a user study using 10
generated 3D characters and 24 components from different
character models. The study was carried out through an online
questionnaire with 29 volunteers. For each question, volunteers
were presented with the input image and the 2D renderings
of the 3D meshes generated by different methods, where
the display order was randomized to avoid bias. Participants
were asked to assess the results based on geometry quality,
texture quality, and consistency with the input images, where
“consistency” was explicitly explained as the similarity of
color and geometry to the input, i.e., whether the user perceives
them as belonging to the same character. They were then
asked to select the best result for each example. As shown in
Table IV, SeparateGen outperformed other methods in char-
acter generation tasks, receiving significantly higher ratings.
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Fig. 6. Comparison of 3D characters generated by our method and other methods using arbitrary-pose inputs. @ denotes images collected from the Internet.

TABLE IV
USER STUDY VOTING RESULTS
Methods SeparateGen | CharacterGen | Unique3d | InstantMesh
Geometry 72.75% 11.37% 13.10% 2.75%
Texture 61.72% 20.68% 14.82 % 2.75%
Consistency 64.48 % 15.86% 15.17% 4.48%

Additionally, volunteers rated the semantic validity and overall
quality of the generated components on a scale from 1 to 5,
with higher scores indicating better performance. The compo-
nents achieved scores of 4.53 and 4.32 for semantic validity
and quality, respectively, demonstrating strong alignment with
human expectations.

D. Ablation Study

1) Component Decomposition: To demonstrate the effec-
tiveness of our component decomposition, we compared the
characters composed of our semantic components with the

directly generated full characters, as shown in Fig. 8(a).
As illustrated, the monolithic character model suffers from
structural issues during generation due to the lack of explicit
semantic information. For example, the clothing and hair of
the character are fused together, which can lead to errors in
subsequent downstream tasks. In contrast, the character model
composed of semantic components avoids such issues due to
the clear semantic separation of each component, resulting
in a more accurate model structure that is more suitable for
downstream tasks.

2) Region-Based Plane Super-Resolution: Region-Based
Plane Super-Resolution plays a crucial role in enhancing
model details in our SC-LRM. In Fig. 8(b), we additionally
show the results where plane SR was not used during the
generation. The generated low-resolution components clearly
exhibit defects in terms of detail.
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Fig. 7. Visualization of the components generated from the input image using our method, including clothing, shoes, hair, and body. In this visualization,

the body is presented jointly with clothing rather than in isolation.

TABLE V
ABLATION STUDIES ON THE DESIGNED MODULES
Methods SSIM? | LPIPS] | FIDJ] | CLIP Scoref CDJ
w/o Decompsed | 0.8888 | 0.1004 | 0.0816 0.8933 0.0061
w/o PSR 0.8891 | 0.1039 | 0.0929 0.8821 0.0010
w/o Refinement | 0.8918 | 0.0934 | 0.0804 0.9104 0.0010
2-Parts 0.9010 | 0.0880 | 0.0784 0.9019 0.0052
3-Parts 0.9057 | 0.0864 | 0.0791 0.9104 0.0037
Full 0.9091 | 0.0743 | 0.0769 0.9147 0.0009

7 ™
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(low resolution)
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(high resolution)
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monolithic model

(a) : (b)

component-based model

Fig. 8. (a) Direct generation of monolithic character models without semantic
decomposition often results in incorrect mesh structures. (b) Component
representation at a low feature-plane resolution (w/o PSR) may cause local de-
fects, whereas applying Plane Super-Resolution (PSR) yields high-resolution
components with improved geometric quality.

3) Post-Process Refinement: We present a comparison be-
tween the direct outputs of SC-LRM and the results after
geometric refinement in Fig. 9, showcasing the results of each
component before and after refinement. The results indicate
that the direct outputs of SC-LRM exhibit grid-like artifacts.
By leveraging the normal maps predicted by SC-LRM, the
geometry can be further optimized to achieve higher precision
and improved geometric quality.

4) Quantitative Analysis: We conducted a quantitative eval-
uation of the proposed design, with the results presented
in Table V. The experimental findings indicate that each
module contributes positively to the overall performance. More
importantly, the study on semantic decomposition shows that
increasing the number of components significantly improves

TABLE VI
COMPARISON OF 3D METHODS USING GROUND TRUTH MULTIVIEW
IMAGES AS INPUT

Methods SSIM? | LPIPS| | FID| | CLIP Scoref | CDJ

Unique3D 0.9028 | 0.0874 | 0.0792 0.9030 0.0078
CharacterGen | 0.8980 | 0.0890 | 0.0774 0.9046 0.0074
SeparateGen 0.9199 | 0.0634 | 0.0669 0.9242 0.0009

denotes images collected from the Internet.

Before Refine After Refine

Fig. 9. Post-processing refinement can effectively address the grid-like
artifacts in the coarse results of the model. Left: results before refinement;
Right: results after refinement.

reconstruction quality. Compared with the monolithic setting
(w/o Decomposition), 2-Parts and 3-Parts designs already
reduce errors, and the full 4-Parts design achieves the best
results, with a notable decrease in Chamfer Distance and
consistent improvements across other metrics. This validates
our design choice of decomposing the model into four se-
mantic components. In addition, we evaluated Unique3D,
CharacterGen, and the 3D stage of our proposed method
using the same ground-truth multi-view images as input. The
quantitative results in Table VI demonstrate the effectiveness
of the proposed SC-LRM improvements. While ground-truth
multi-view inputs improve the performance of all baseline
methods, our approach consistently achieves the best results
across the main metrics, further confirming its advantage in
3D generation tasks.

E. Applications

In Fig. 10, we present the results of assigning skeletons
and performing rigging on the generated characters, which are
then driven to perform diverse motions. This demonstrates the
effectiveness of our component-based generation in supporting
downstream tasks such as rigging and animation. Additionally,
in Fig. 11, we showcase two 3D character models reusing
components, demonstrating the potential of our method in
3D asset reuse and its ability to provide vast assets. We also
constructed a scene using the character composed of generated
components, as shown in Fig.12.
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Fig. 11. 3D component asset exchange between two characters.
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Fig. 12. A scene constructed with generated 3D Characters.

V. CONCLUSION

This paper proposes SeparateGen, a novel method for gen-
erating 3D characters composed of semantic components from
a single image with arbitrary poses. The method first uses a
multi-view generation model to convert an input image with
an arbitrary pose into multi-view images with a standardized
A-pose. Subsequently, we design SC-LRM, which reconstructs
3D character models composed of four semantic component.
The method further enhances geometric details through post-
processing refinement. Experimental results demonstrate that
SeparateGen can generate high-quality 3D character models
with semantic decomposition, making it well-suited for various
downstream tasks.

Despite these promising results, our method still has sev-
eral limitations. Specifically, it struggles when the character
has overly complex structures or components beyond the
four predefined semantic categories. In particular, characters
with cloaks or similar garments are often inaccurately re-
constructed, as their geometric features tend to overlap with
hair. In addition, since our dataset mainly focuses on human-
like anime characters, the component-based generation stage
cannot directly handle non-human characters, although the

non-component version of our model can still generate them.
For future work, we aim to extend the component-based
design to a broader range of categories and improve the
adaptability to non-human and structurally complex charac-
ters. Incorporating more advanced animation-driven generation
techniques is also a promising direction to explore.
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