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Figure 1: Our DreamCoser method supports high-quality layered 3D character generation and editing, based on character
images and sketch inputs. As shown in (a) Multi-Layer Editing: Given a single character image in an arbitrary pose, our method
can generate a high-quality A-pose 3D character model. Furthermore, users can modify the initial 3D character in a layered
manner via direct sketch-based editing. In (b) Part-Level Editing: We demonstrate fine-grained local modifications (e.g., adding
scarf, backpack, boots) through sketch edits on multi-view images, where (b6-b8) display the edited results.

Abstract
This paper aims to controllably generate and edit layered 3D char-
acters based on hand-drawing. Existing methods rely on global
optimization or entangled representations, limiting fine-grained
local editing and clothing replacement. To address this, we propose
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an innovative sketch-based method for layered 3D character genera-
tion and part-level editing. Our approach introduces a sketch-to-3D
decoupled generation network for fine-grained layered control and
a progressive upsampling module that enhances texture quality
and complex geometric structures. Extensive experiments on public
datasets and in-the-wild data demonstrate our method effectively
generates high-quality layered 3D characters while supporting pre-
cise local editing through hand-drawn sketches. The code will be
available at http://cic.tju.edu.cn/faculty/likun/projects/DreamCoser.

CCS Concepts
• Computing methodologies → Artificial intelligence; Shape
modeling; Image manipulation.
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1 Introduction
Generation of high-quality 3D characters with customizable and
interchangeable clothing is highly demanded for applications in
movie production, game development, and AR/VR. Specifically,
techniques to achieve disentangled representation and high-quality
controllable generation of 3D characters are essential to enable
seamless clothing change.

However, 3D character generation methods [Peng et al. 2024]
typically generate an entangled geometry globally consisting of the
body and clothing from text or a single image. Therefore, they lack
the ability to generate and edit 3D characters in a layered and part-
level manner. Text-based methods [Liao et al. 2024] further refine
Score Distillation Sampling (SDS) [Poole et al. 2023] supervision to
produce high-quality 3D characters, but text inputs fail to precisely
describe the local shapes, textures, and poses of the characters.
Meanwhile, some methods [Long et al. 2024] combine multi-view
diffusion (MVD) models with 3D perception attention modules to
improve the consistency and accuracy of 3D generated results, but
these methods are limited by the low-resolution multi-view images
generated through MVD models, making it challenging to obtain
detailed geometry and fine textures. Notably, the above-mentioned
methods do not directly support layered generations of 3D content
due to their entangled representations.

Our goal is to achieve controllable generation and editing of high-
quality, layered 3D characters with customizable clothing, guided by
anime-style images and sketches. We propose an innovative Sketch-
to-3D Decoupled Generation (SDG) network. Specifically, the SDG
network can directly add or modify the 3D content of the character
by sketching on the initial 2D character image (including hand-
drawing), and the modifications will be synchronously applied to
the 3D character (Fig. 1). Furthermore, to ensure high quality of
the generated 3D character, we propose a sketch-aware progressive
upsampling module (PUP) for refinement of texture and geometry.

2 Method
As shown in Fig. 2, we propose a sketch-to-3D decoupled generation
(SDG) network (Sec. 2.2) for sketch-based 3D character generation
and editing. First, for 3D character generation, the initial character
image can be used to generate a high-quality initial character model
via our progressive upsampling module, PUP (Sec. 2.1). Then, for 3D
character editing, sketch-based edits on the initial character image
can be mapped into decoupled four-view images via a decoupled
MVD (Sec. 2.2.1) module of SDG. The decoupled four views of the
edited content are then input into the PUP module to generate the
3D edited content, which is combined with the initial 3D character
for layered refinement via a 3D layered module (Sec. 2.2.2). Finally,
the texture and geometry of the 3D layered editing results are
further refined through the texture completion (Sec. 2.3.1) and the
geometry-aware anti-penetration module (Sec. 2.3.2).

2.1 Progressive Upsampling (PUP) Module
2.1.1 Progressive Upsampling. To enhance the resolution of color
and normal maps for MVD’s four-view images while preserving
multi-view consistency, we employ a sketch-aware progressive
super-resolution method. First, we train a normal diffusion model
using paired RGB and normal images from the dataset [VRoid
2022]. The four views 𝑉 from Sec. 2.2 are upsampled to 512 × 512
(𝑉 ′) via a multi-view-aware ControlNet, then refined to 2048 ×
2048 using [Wang et al. 2021]. Finally, the trained diffusion model
predicts normal maps from𝑉 ′, which are then upsampled to 2048×
2048 resolution using the super-resolution model [Wang et al. 2021].

2.1.2 Coarse-to-Fine Generation Strategy. Given the four-view im-
ages of the layered character, we obtain coarse 3D content from an
LRMmodel [Hong et al. 2023] fine-tuned on [VRoid 2022]. The PUP
module then refines texture and geometry using super-resolution
normal maps via a masked normal loss:

Lnormal =
∑︁
𝑘

𝑀𝑎𝑠𝑘
𝑠𝑢𝑝

𝑘
⊗


𝑁𝑘 − 𝑁

𝑠𝑢𝑝

𝑘



2
2 , (1)

where 𝑀𝑎𝑠𝑘
𝑠𝑢𝑝

𝑘
is the mask corresponding to a view of the final

super-resolution four-view images. 𝑁𝑘 and 𝑁
𝑠𝑢𝑝

𝑘
represent the nor-

mals of the coarse model and the predicted normals.
Finally, the overall objective of the 3D generation is as follows:

Lgen =𝜆1Lmse + 𝜆2Lmask + 𝜆3Lsmooth + 𝜆4Lnormal, (2)

where Lmse, Lmask, and Lsmooth correspond to MSE loss, mask loss,
and geometric smoothness loss, respectively.

2.2 Sketch-to-3D Decoupled Generation (SDG)
Network

Our SDG network aims to enable interactive layered editing of 3D
characters based on sketch input. To predict the distribution of 2D
sketch editing in 3D space, disentangle it, and generate it in a 3D
layered manner, we introduce the SDG network, which consists of
a decoupled MVD and a 3D layered module.

2.2.1 DecoupledMVD. We design a decoupledMVD that can inject
noise into editable regions according to a ratio, preserve non-edited
regions, and generate the four views of disentangled edited content,
which differs from other MVD methods that use a uniform noise
ratio and an entangled representation. First, a 3D character𝑀𝑐ℎ𝑎𝑟

is initially generated from character images or hand drawings 𝐼𝑐ℎ𝑎𝑟
using our PUP module. Denote by 𝑉𝑐ℎ𝑎𝑟 the four canonical views
generated from input 𝐼𝑐ℎ𝑎𝑟 , by 𝑉 ′

𝑐ℎ𝑎𝑟
latent representation of 𝑉𝑐ℎ𝑎𝑟

in the diffusion model, by𝑉 𝑒𝑑𝑖𝑡
𝑐ℎ𝑎𝑟

the four views for editing guidance,
predicted by sketch editing 𝐼𝑒𝑑𝑖𝑡

𝑐ℎ𝑎𝑟
applied on 𝐼𝑐ℎ𝑎𝑟 , by 𝐹𝑖 𝑗 the corre-

spondence matrix between sketch edit 𝐼𝑒𝑑𝑖𝑡
𝑐ℎ𝑎𝑟

and views 𝑉 𝑒𝑑𝑖𝑡
𝑐ℎ𝑎𝑟

, and
by𝑀𝑒𝑑𝑖𝑡 the four-view noise prediction mask. The sketch editing
process employs decoupled MVD, defined as follows:

https://doi.org/10.1145/3757376.3771404
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Figure 2: The overview of our method for sketch-based generation and editing. Given a character image in arbitrary pose, our
method generates an A-pose 3D character model that can be modified through direct sketch-based editing on the input image
in a layered manner.

𝑉𝑒𝑑𝑖𝑡 = D𝜃

(
𝑉 ′
𝑐ℎ𝑎𝑟

⊙ (1 −𝑀𝑒𝑑𝑖𝑡 ), 𝜖 ⊙ 𝑀𝑒𝑑𝑖𝑡 , 𝑡
)
, (3a)

𝑀𝑒𝑑𝑖𝑡 = C𝑟𝑒𝑔𝑖𝑜𝑛
(
𝐼𝑒𝑑𝑖𝑡
𝑐ℎ𝑎𝑟

, 𝐹𝑖 𝑗 ,𝑉
𝑒𝑑𝑖𝑡
𝑐ℎ𝑎𝑟

)
, (3b)

𝐹𝑖 𝑗 =M𝑠𝑝𝑎𝑟𝑠𝑒

(
𝐼𝑒𝑑𝑖𝑡
𝑐ℎ𝑎𝑟

,𝑉 𝑒𝑑𝑖𝑡
𝑐ℎ𝑎𝑟

)
,

{
𝑖 ∈ 𝐼𝑒𝑑𝑖𝑡

𝑐ℎ𝑎𝑟

𝑗 ∈ 𝑉 𝑒𝑑𝑖𝑡
𝑐ℎ𝑎𝑟

(3c)

where the decoupled MVD is trained on pairs of character images
in arbitrary poses and their corresponding canonical four views
using the dataset [VRoid 2022]. First, the correspondence matrix 𝐹𝑖 𝑗
(Eq. 3c) is obtained using a sparse feature matching method [Lin-
denberger et al. 2023]. Then, the confidence network C𝑟𝑒𝑔𝑖𝑜𝑛 (.) eval-
uates the per-pixel feature matching scores between 𝐼𝑒𝑑𝑖𝑡

𝑐ℎ𝑎𝑟
and𝑉 𝑒𝑑𝑖𝑡

𝑐ℎ𝑎𝑟

under cross-view consistency constraints, and generates the noise-
prediction mask𝑀𝑒𝑑𝑖𝑡 (Eq. 3b) using adaptive normalization. Next,
through diffusion denoising (Eq. 3a), identity-consistent edited four
views 𝑉𝑒𝑑𝑖𝑡 matching 𝑉𝑐ℎ𝑎𝑟 are obtained, where 𝑡 is a time step and
𝜖 is the scheduled noise at 𝑡 . Finally, decoupled four views 𝑉𝑑𝑒𝑐𝑜𝑢𝑝

𝑒𝑑𝑖𝑡

are obtained from𝑉𝑒𝑑𝑖𝑡 via C𝑟𝑒𝑔𝑖𝑜𝑛 (.), and initial 3D clothing𝑀𝑐𝑙𝑜𝑡ℎ

is generated from 𝑉
𝑑𝑒𝑐𝑜𝑢𝑝

𝑒𝑑𝑖𝑡
using the PUP module.

2.2.2 3D Layered Module. To perform geometric layering and re-
finement on the initial models 𝑀𝑐ℎ𝑎𝑟 and 𝑀𝑐𝑙𝑜𝑡ℎ , we design a 3D
layered module based on joint SDS loss [Poole et al. 2023] optimiza-
tion. The 3D layered module effectively ensures semantic matching
between the 𝑛-th clothing layer 𝑙𝑎𝑦𝑒𝑟𝑛 and the combined results of
the previous 𝑛 layers 𝑙𝑎𝑦𝑒𝑟𝑐𝑝 (clothing + body), while alleviating
mutual geometric interpenetration. The optimization objective is
as follows:

∇𝜃L𝑔𝑒𝑜_𝑛𝑡ℎ
SDS (𝜙, x) ≜ E𝑡,𝜖

[
𝜔 (𝑡)

(
𝜖𝜙

(
x𝑛𝑡ℎ𝑡 ;𝑦𝑛𝑡ℎ, 𝑡

)
− 𝜖

) 𝜕x
𝜕𝜃

]
, (4)

∇𝜃L𝑔𝑒𝑜_𝑐𝑝
SDS (𝜙, x) ≜ E𝑡,𝜖

[
𝜔 (𝑡)

(
𝜖𝜙

(
x𝑐𝑝𝑡 ;𝑦𝑐𝑝 , 𝑡

)
− 𝜖

) 𝜕x
𝜕𝜃

]
, (5)

Llayer =𝛼1L𝑔𝑒𝑜_𝑛𝑡ℎ
SDS + 𝛼2L𝑔𝑒𝑜_𝑐𝑝

SDS + 𝛼3Lreg, (6)

where L𝑔𝑒𝑜_𝑛𝑡ℎ
SDS and L𝑔𝑒𝑜_𝑐𝑝

SDS are used to optimize the 3D content
of 𝑙𝑎𝑦𝑒𝑟𝑛 and 𝑙𝑎𝑦𝑒𝑟𝑐𝑝 , respectively, inside out. x𝑛𝑡ℎ𝑡 , 𝑦𝑛𝑡ℎ and x𝑐𝑝𝑡 ,
𝑦𝑐𝑝 are noisy samples of the normal maps and text prompts for the
3D content of 𝑙𝑎𝑦𝑒𝑟𝑛 and 𝑙𝑎𝑦𝑒𝑟𝑐𝑝 . Llayer is the overall objective of

the layer optimization and Lreg is the loss of surface regularization.
Other definitions of SDS loss are provided in [Poole et al. 2023].

2.3 Refinement of Layered Editing
To facilitate user-friendly texture editing of layered 3D content, we
propose a dual-modal texture completionmodule that supports both
single-view hand-drawing and text input. Furthermore, to prevent
vertex penetration between clothing and the character body, we
introduce a geometry-aware anti-penetration module.

2.3.1 Dual-Mode Texture Completion Module. We first apply a
joint SDS loss to optimize the texture of layered 3D content from
local to global semantics, with the following objective:

∇𝜃L𝑡𝑒𝑥_𝑛
SDS (𝜙, x) ≜ E𝑡,𝜖

[
𝜔 (𝑡)

(
𝜖𝜙

(
x𝑛𝑡 ;𝑦

𝑛, 𝑡
)
− 𝜖

) 𝜕x
𝜕𝜃

]
, (7)

∇𝜃L𝑡𝑒𝑥_𝑐𝑝
SDS (𝜙, x) ≜ E𝑡,𝜖

[
𝜔 (𝑡)

(
𝜖𝜙

(
x𝑐𝑝𝑡 ;𝑦𝑐𝑝 , 𝑡

)
− 𝜖

) 𝜕x
𝜕𝜃

]
, (8)

where x𝑡
(
𝐼𝑛𝑡ℎ

)
→ x𝑛𝑡 , x𝑡 (𝐼𝑐𝑝 ) → x𝑐𝑝𝑡 represents the noise sample

of the rendered image 𝐼𝑛𝑡ℎ of the 𝑛-th clothing layer 𝑙𝑎𝑦𝑒𝑟𝑛 and
the rendered image 𝐼𝑐𝑝 of the combined content of the previous 𝑛
layers 𝑙𝑎𝑦𝑒𝑟𝑐𝑝 (body + clothing), with time step 𝑡 noise. 𝑦𝑛 and 𝑦𝑐𝑝
denote the text prompts for 𝑙𝑎𝑦𝑒𝑟𝑛 and 𝑙𝑎𝑦𝑒𝑟𝑐𝑝 , which are achieved
by the CLIP interrogator based on the texture reference 𝐼𝑟𝑒 𝑓 . Other
definitions of SDS loss are provided in [Poole et al. 2023]. The
overall objective of texture completion is defined as:

Ltex = 𝛽1L𝑡𝑒𝑥_𝑛
SDS + 𝛽2L𝑡𝑒𝑥_𝑐𝑝

SDS + 𝛽3Lcolor + 𝛽4Lvgg, (9)

whereLcolor is used to compute the color loss between the rendered
image of the 3D content and the reference 𝐼𝑟𝑒 𝑓 in the specified view
𝑣𝑖𝑒𝑤𝑒 . Lvgg denotes the VGG loss used to compensate for appear-
ance in views other than view 𝑣𝑖𝑒𝑤𝑒 with L𝑡𝑒𝑥_𝑛

SDS and L𝑡𝑒𝑥_𝑐𝑝
SDS .

2.3.2 Geometry-Aware Anti-Penetration Module. To match the 𝑛-th
layer mesh𝑀𝑛

𝑐𝑙𝑜𝑡ℎ
with the combined mesh𝑀𝑐𝑝 (previous layers),

we optimize the vertices 𝑣𝑠𝑐𝑙𝑜𝑡ℎ of 𝑀𝑛
𝑐𝑙𝑜𝑡ℎ

using a normal offset
network. Each 𝑣𝑐𝑙𝑜𝑡ℎ ∈ 𝑣𝑠𝑐𝑙𝑜𝑡ℎ is optimized along its normal 𝑛𝑐𝑙𝑜𝑡ℎ .
First, 𝑣𝑐𝑙𝑜𝑡ℎ search for its nearest neighbors on vertices 𝑣𝑠𝑐𝑝 of
𝑀𝑐𝑝 , with visible vertices 𝑣𝑛𝑛

𝑐𝑙𝑜𝑡ℎ
∈ 𝑣𝑠′𝑐𝑝 ⊆ 𝑣𝑠𝑐𝑝 selected. A penalty
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Figure 3: Multi-layer clothing editing. Our method allows users directly sketch clothing on the initial image to generate layered
3D garments for the character. Our method can take a single hand-drawn input, such as (f) and (h) or textual input, such as (b),
(c), (d) and (g) for texture completion of the clothing.

is applied when the direction ®𝑑𝑐𝑙𝑜𝑡ℎ (from 𝑣𝑐𝑙𝑜𝑡ℎ to 𝑣𝑛𝑛
𝑐𝑙𝑜𝑡ℎ

) opposes
𝑛𝑐𝑙𝑜𝑡ℎ . Likewise, for each 𝑣𝑐𝑝 ∈ 𝑣𝑠′𝑐𝑝 on𝑀𝑐𝑝 , we search for its nearest
neighbor 𝑣𝑚𝑚

𝑐𝑝 ∈ 𝑣𝑠𝑐𝑙𝑜𝑡ℎ and penalize cases where the direction ®𝑑𝑐𝑝
from 𝑣𝑐𝑝 to 𝑣𝑚𝑚

𝑐𝑝 aligns with the normal direction 𝑛𝑐𝑝 of 𝑣𝑠𝑐𝑝 . The
matching loss is defined as:

Lmatch =

(
𝜇1 · ®𝑑𝑐𝑝 · 𝑛𝑐𝑝 − 𝜇2 · ®𝑑𝑐𝑙𝑜𝑡ℎ · 𝑛𝑐𝑙𝑜𝑡ℎ

)
+ 𝜇3



Δ𝑣𝑐𝑙𝑜𝑡ℎ + Δ𝑣𝑐𝑝


2
2 ,

(10)
where



Δ𝑣𝑐𝑙𝑜𝑡ℎ + Δ𝑣𝑐𝑝


2
2 is the displacement regularization term.

Table 1: Quantitative fidelity comparison.

Method SSIM ↑ LIPIPS ↓ FID ↓
CRM [Wang et al. 2025] 0.64 0.39 305.46
CharacterGen [Peng et al. 2024] 0.65 0.46 300.27
Wonder3D [Long et al. 2024] 0.66 0.43 291.51

DreamCoser (Ours) 0.67 0.38 280.06

3 EXPERIMENTS
Results. Fig. 3 shows that our method can add diverse 3D clothing
layers to 3D characters by directly drawing garments on the initial
images, while also supporting texture completion guided by either
single images or text. More results are shown in the supplementary
material (Suppl).
Comparison. We compare our method with three state-of-the-art
single-image 3D generation methods: (1) CRM [Wang et al. 2025];
(2) CharacterGen [Peng et al. 2024]; (3) Wonder3D [Long et al.
2024]. Quantitative comparisons in Tab. 1 show that our method
achieves the lowest FID, indicating the best generation quality. Fur-
thermore, Tab. 1 shows that our method achieves the highest SSIM
score and the lowest LPIPS score, further validating its ability to
produce detailed and accurate appearances. Additional qualitative
comparisons and experimental results are provided in the Suppl.

4 Conclusion
This paper introduces DreamCoser, an innovative framework for
layered generation and editing of 3D characters from sketches. Our

main contribution is to address controllable layered generation
and fine-grained editing of 3D characters using the SDG network.
This network maps the sketch editing of the character to multi-
view space, decouples them, and performs semantic and geometric
layering on the generated 3D character. Additionally, we design a
progressive upsampling module (PUP) to refine geometry and tex-
tures, and a dual-modal texture completion module that enhances
textures of generated content using either a image or text. Experi-
ments demonstrate that DreamCoser exhibits superior performance
in high-quality generation, layered editing, and part-level control.
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1 Implementation Details
Training Details. For our SDG network and PUPmodule, we adopt
the Stable Diffusion 2.1 model as the base architecture. A normal
prediction diffusion model is trained based on this stable diffusion
image variant [Rombach et al. 2022]. A key modification in our ap-
proach involved the introduction of a reference U-Net [Ronneberger
et al. 2015], which mirrors the network structure and initialization
of the original model. This reference U-Net provides pixel-level
reference attention exclusively to the newly incorporated attention
layers of the main network. The normal map prediction is trained
for 15,000 iterations with a batch size of 128.
Hyperparameters. (1) For generation based on character images
using the PUPmodule, in the coarse stage, we optimize theDMTet [Shen
et al. 2021] representation with 1000 steps, with 𝜆1 = 1, 𝜆2 = 0.2,
𝜆3 = 0.5. In the generation refinement stage, the DMTet representa-
tion is optimized for 1500 steps, with 𝜆1 = 0.1, 𝜆2 = 0.1, 𝜆3 = 0.25,
𝜆4 = 1. (2) For sketch-based editing, in the layered stage, we opti-
mize the geometry for 2500 steps, with 𝛼1 = 1, 𝛼2 = 1, 𝛼3 = 1𝑒 − 3.
Specifically, alternate training is used in the layered refinement
stage, and the training ratio of the 𝑛th layer to the combination of
the previous 𝑛 layers is 1 : 5. (3) In the texture completion stage of
editing, the texture of the edited object is optimized for 2000 steps,
with 𝛽1 = 1, 𝛽2 = 1, 𝛽3 = 1𝑒 − 3, 𝛽4 = 0.1. In particular, alternate
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Figure 1: Application results. (a) Thanks to geometric disen-
tanglement, our multi-layer dressed characters can be rigged
for animation and simulate physical collisions between cloth-
ing layers. (b) Our method enables diverse clothing design
for characters while generating 3D-compatible garments for
virtual dressing.

training is used in the texture completion stage, and the training
ratio of the 𝑛th layer to the combination of the previous 𝑛 layers is
5 : 1. (4) In the vertex anti-penetration stage of editing, multi-layer
geometry is co-optimized for 500 steps, with 𝜇1 = 1.0, 𝜇2 = 1.0,
𝜇3 = 0.1. The generation case takes 8 minutes to optimize, while
the editing case takes about 10 minutes to optimize. Additionally,
our method can improve the generation speed by adjusting the
parameters of the PUP module.

2 Application
Benefiting from layered generation and local editing capabilities,
our method can: (1) simulate physical collisions in multi-layer cloth-
ing (Fig. 1a), (2) enable virtual try-on for 3D characters (Fig. 1b),
and (3) perform localized modifications on 3D characters (Fig. 5).
These functionalities are achieved through free-hand sketch editing
alone.

3 Ablation Study
Effectiveness of the Sketch-to-3DDecoupledGeneration (SDG)
Network. As shown in Fig. 2(c)-(d), the decoupled MVD ensures se-
mantic consistency between edited content and input images while
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Figure 2: Ablation study of the Sketch-to-3D Decoupled Generation (SDG) Network: without decoupled MVD (Multi-view
diffusion), multi-view outputs (b) exhibit semantic inconsistencies and tangled body parts; (c) adding MVD enables semantically
consistent clothing generation that properly matches the body shape of character (d). Furthermore, (f) without 3D layered
module (3D-LM), clothing layers appear incomplete and mismatched, while (g) the complete 3D-LM produces fully coherent
clothing layers that semantically align with the 3D character model.

Figure 3: Ablation on Progressive Upsampling Module (PUP): (b) Without PUP: degraded textures and rough geometry; (c)
Texture upsampling only: improves visuals but geometry remains coarse; (d) Full PUP: achieves both high-fidelity textures and
refined geometry.

Figure 4: Ablation on dual-mode texture completion module:
(c) without this module, textures are incomplete/unnatural;
(d) with this module, textures become complete and semanti-
cally/tonally consistent with reference.

maintaining precise multi-view alignment. Fig. 2(f)-(g) demon-
strates our 3D layered module effectively resolves layer incom-
pleteness and semantic inconsistencies caused by sparse multi-view
inputs.

Figure 5: Results of local 3D content modification.

Effectiveness of the Progressive Upsampling (PUP) Module.
Fig. 3 demonstrates our PUP module effectively enhances the reso-
lution of both generated RGB images and corresponding normal
images, ultimately producing high-quality 3D characters with tex-
ture and geometric details that semantically match the input image.
Effectiveness of the Dual-Mode Texture Completion Module.
Fig. 4(d) demonstrates that our texture completion module can
utilize either a single image or text as reference to perform detailed
texture completion on 3D models, while maintaining both semantic
and tonal consistency with the texture reference input.
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Figure 6: Qualitative comparison of single-image-based methods. We use A-pose character image as input for 3D character
generation.

4 Qualitative Results
To compare under a unified posture, we use a single character image
in A-pose as input for qualitative comparison between our method
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and SoTA methods [Long et al. 2024; Peng et al. 2024; Wang et al.
2025]. Fig. 6 shows that our results visually outperform those from
SoTA methods. CRM [Wang et al. 2025] fails to represent complex
structures and high-frequency features due to the limitations of
convolutional layers in capturing global contextual information
and complex topologies. CharacterGen [Peng et al. 2024] loses local
geometry such as hair or clothing, although it introduces multi-
view pose normalization to improve the handling of complex poses.
AlthoughWonder3D [Long et al. 2024] includes cross-domain align-
ment for global feature capture, it falls short in texture detail fidelity,
especially in reconstructing high-resolution textures and fine de-
tails. In contrast, our method generates high-quality textured 3D
content, which we attribute to our proposed PUP module. More-
over, complex local geometric details, such as the hair and clothing
details shown in Fig. 6, are captured through the multi-view con-
sistent normal upsampling of the PUP module. Furthermore, the
compared methods [Long et al. 2024; Peng et al. 2024; Wang et al.

2025] cannot perform layered generation and editing of 3D con-
tent, whereas our method ensures high-quality generation while
enabling fine-grained local and layered editing.
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