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高保真生成式 3D 模型编辑

CraftMesh: High-Fidelity Generative Mesh Manipulation

via Poisson Seamless Fusion

James Jincheng Hu

注：本部分为中文的论文总览。对于可视化展示和技术细节参考实验视频和英文部分。

1 论文总览

近几年生成式人工智能（Generative AI）进展飞快。以文本-图像的扩散模型为代表（比

如当前流行的图像编辑/生成模型），用户只需用一句话或一张示意图，就能得到风格统

一、语义精确的高质量图片。类似地，近来的文本/图像 → 3D 大模型（如腾讯混元 3D、

CraftsMan3D 等）能在分钟级把文字或图片“变成”带几何与纹理的 3D 模型，这对动画、

游戏、VR/AR、虚拟试衣等产业意义重大，因为它极大降低了 3D 内容制作的门槛。

但生成式 3D 模型在可控编辑（editing）上仍面临挑战。用户常常希望在已有模型上做局

部改动——比如给鹿加上翅膀、替换雕像头部、把一只狐狸扩成九尾狐等。现有一些顶会工

作（如 FocalDreamer、MagicClay、Instant3dit 等）虽然能自动编辑，但面对复杂局部结构

时，常出现几何扭曲、边界不自然、颜色风格不匹配等问题。

CraftMesh的出发点是：将 2D图像编辑和 3D生成的优势结合起来，再用“泊松（Poisson）”

思想做几何与颜色的无缝融合，从而实现高保真、局部精细且整体和谐的网格（mesh）编辑。

1.1 方法总览

CraftMesh 把一次编辑分成三步，思路直观：

(1) 先做 2D 图像编辑 + 生成局部 3D 网格（初始编辑）
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把原始模型渲染成参考图片，用强大的图像编辑模型（文本或拖拽驱动）在图片上完成期

望修改（例如给鹿加翅膀）。然后把修改后的局部图像单独送入 3D 生成模型，得到只包含新

部件（如翅膀）的高细节局部网格。最后把该局部网格粗拼回原始模型，得到初始融合结果。

这个过程利用了 2D 模型在语义与风格控制上的优势，以及 3D 生成模型在局部细节上的优

势。

(2) 泊松几何融合（Poisson Geometric Fusion）——让交接处“长得像一个整体”

粗拼的结果往往在交界处出现突兀、法向不连续或接缝明显。为了解决这个问题，

CraftMesh 引入一个混合 SDF/网格（SDF/Mesh）表示，并用“法线图的泊松融合”作为指

导来优化过渡区的几何形状。通俗说法：

SDF（Signed Distance Field）是一个“高度场”，任一点的值表示到最近表面的距离（正

负号告诉点在表面内外）。把网格绑定到一个可学习的 SDF 上，修改 SDF 就可以稳定而连

续地改变网格表面。

我们从三处来源得到法线图（normal map）：原始拼接网格的法线、编辑后参考网格的法

线、以及当前 SDF 渲染出的法线。先用泊松图像融合在二维法线图上把“细节”（来自局部

编辑网格）和“整体平滑结构”（来自参考网格）融合起来，得到一个既细致又过渡自然的

“混合法线”。再把这个混合法线作为监督，用 SDF 优化网格，使几何真实地遵循这个平滑且

富细节的目标法线场，从而得到边界平滑、细节保留的几何融合结果。

(3) 泊松颜色调和（Poisson Texture Harmonization）——让外观“融为一色”

仅靠生成模型直接给新几何着色，常出现亮度/色调偏移与边界断裂。为此，我们提出一

个分布对齐 + 梯度保真 + 边界平滑的一体化调和框架（可无缝扩展到 PBR 多通道）：分布

感知的颜色对齐：将保留模型区域的颜色视作目标分布、将新区域的颜色视作待对齐分布。

颜色通过隐式神经颜色场在 R3 中表示，利用核密度估计（KDE）构建两者在 RGB 空间的概

率密度，并最小化分布差异，从全局统计上消除色调/亮度偏移。梯度保真的泊松融合：在颜

色场梯度层面，对保留模型区域与新区域的梯度进行一致性约束，以稳健保留高频纹理细节，

可视作经典泊松融合“保细节、调低频”的 3D 颜色场形式。边界平滑的过渡细化：在新旧

区域交界处，引入距离加权的最近邻颜色匹配损失，近边界权重大、远离边界权重小，从而

在局部几何邻域上实现自然衔接与风格一致。
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1.2 举例说明（“给鹿加翅膀”——飞廉）

(1) 把鹿的模型渲染出一张参考图片，用图像编辑模型把鹿“加上翅膀”（图像里看起来很

自然）。

(2) 把图片中只包含翅膀的那一块提取出来，送入 3D 生成模型得到翅膀的高细节网格。

(3) 将翅膀网格拼回鹿身，得到初始合并模型（通常接缝处较生硬）。

(4) 用泊松几何融合：提取接缝区域、渲染法线图并做法线域的泊松融合，用 SDF 优化

使几何平滑地过渡；

(5) 用泊松颜色调和：在颜色分布（全局统计）与颜色梯度（局部细节）双层面实现一致

性，辅以距离加权的边界细化，得到风格统一、细节保真、边界无缝的外观融合；并天然支

持 PBR 多通道的联合调和。

1.3 方法优势

(1) 利用 2D 模型的语义/风格控制 + 3D 模型的局部几何细节，规避了直接在 3D 空间用

扩散先验（SDS/MVD）去“逐顶点优化”所带来的不稳定与模糊问题。

(2) SDF + 法线域泊松监督使得几何优化更稳定、易收敛，同时保留细节；直接在顶点空

间做同类优化更容易受噪声和离散化影响。

(3) 在纹理空间做泊松融合，既能保留源区域的高频细节（细纹、羽毛纹理等），又能在边

界处做到肉眼难辨的平滑过渡，支持 PBR 通道扩展。

1.4 实验与结论

论文对比了 FocalDreamer、MagicClay、Instant3dit等方法，在复杂编辑任务上（插入、替

换、拖拽式精细编辑）取得了更好的定性与定量结果。定量上使用 CLIP 相似度（CLIPsim），

方向性 CLIP（CLIPdir），质量指标 NIQE，和 NIMA 作为评测指标，CraftMesh 在这两类指

标上均优于基线；消融实验也验证了“泊松几何融合”和“泊松颜色调和”对最终质量的关

键作用。实现上，“泊松几何融合”在单块 4090 GPU、约 1000 次迭代（示例约 5 分钟）即可

得到良好结果。CraftMesh 的核心思想：先在 2D 上把想法“画好”，再把局部高质量地“变

成立体”，最后用泊松思想把新旧部分在几何和颜色上无缝拼接在一起。这种“2D 编辑 →

局部 3D 生成 → 泊松融合”策略利用了各类生成式大模型的长处，解决了直接在 3D 空间编

辑时常见的扭曲和不自然问题。
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CraftMesh: High-Fidelity Generative

Mesh Manipulation via Poisson

Seamless Fusion

Abstract

Controllable, high-fidelity mesh editing remains a significant challenge
in 3D content creation. Existing generative methods often struggle with
complex geometries and fail to produce detailed results. We propose
CraftMesh, a novel framework for high-fidelity generative mesh manip-
ulation via Poisson Seamless Fusion. Our key insight is to decompose
mesh editing into a pipeline that leverages the strengths of 2D editing
and 3D generation models: we edit a 2D reference image, then generate
a region-specific 3D mesh, and seamlessly fuse it into the original model.
We introduce two core techniques: Poisson Geometric Fusion, which uti-
lizes a hybrid SDF/Mesh representation with normal blending to achieve
seamless geometric integration, and Poisson Texture Harmonization for
visually harmonious texture blending. Experimental results demonstrate
that CraftMesh outperforms state-of-the-art methods, delivering superior
global consistency and local detail in complex editing tasks.

Keywords: 3D Mesh Editing, Generative Models, Poisson Fusion, Texture
Harmonization
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2 CRAFTMESH
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CRAFTMESH 3

Todo: cat head, new

“Add the right arm of the sculpture”

“Add a dragon’s head and a goat’s head”

“Give the deer wings” “Give the fox nine tails”

Drag-based editing

Give the knight a cat’s head

Fig. 1: Mesh editing results produced by CraftMesh. CraftMesh is a versatile
3D mesh editing framework that enables users to perform text-based and drag-
based editing for insertion, deletion and replacement, while producing high-
quality results.

1 Introduction

In recent years, the rapid advancement of 3D generation technologies [1–4] has
enabled the synthesis of high-quality 3D content directly from text prompts
or images through di!usion-based generative models. These advances have
substantially accelerated downstream applications in video games, augmented
and virtual reality (AR/VR) [5], robotics [6], and digital manufacturing [7].

Despite these notable achievements in 3D generation, the challenge of con-
trollable 3D editing remains largely unresolved. Most current 3D generation
frameworks are designed to reconstruct 3D models from 2D images and provide
limited flexibility for localized modifications. Neural field-based representa-
tions, such as Neural Radiance Fields (NeRF) [8] and 3D Gaussian Splatting
(3DGS) [9], have demonstrated strong capability in capturing fine-grained
details while leveraging di!erentiable rendering. Consequently, research has
focused on neural field editing, encompassing appearance-guided and text-20
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4 CRAFTMESH

or image-driven approaches [10–12], which remain restricted to appearance-
level modifications and cannot inherently support geometric manipulations on
explicitly surfaced meshes.

In contrast to the rapidly expanding body of work on neural field edit-
ing, mesh-based generative editing has received considerably less attention,
even though meshes remain the most widely adopted representation in pro-
fessional 3D content creation pipelines. In practical design workflows, artists
and engineers often need to iteratively refine meshes with precise part-level
control to satisfy both aesthetic and functional requirements, while avoiding
unintended alterations to unrelated geometry. This demand underscores the
necessity for editing methods that enable fine-grained controllability while
faithfully preserving the geometry of the original model.

Existing generative mesh editing methodologies can be broadly catego-
rized into two principal paradigms: score distillation sampling (SDS) based
approaches and multi-view di!usion (MVD) based approaches. SDS-based
methods [13, 14] enhance 3D awareness by directly optimizing the mesh
through an SDS loss. MVD-based approaches [15–17] pair multi-view consis-
tent editing with a reconstruction step. However, these methods exhibit several
limitations: (1) they are not well-suited for editing complex models; (2) the
quality of the generated edits is frequently suboptimal, failing to satisfy the
requirements for high-fidelity mesh manipulation.

To address these challenges, we propose an novel methodology that
harnesses the capabilities of generative models by reframing editing tasks
as generative processes. We introduce an image editing–mesh genera-

tion–seamless fusion framework that fully capitalizes on the strengths of
2D models for image editing and 3D models for high-quality mesh generation.
Specifically, we edit the image, generate 3D content for the edited region, and
integrate the generated mesh into the original model. The principal challenge
lies in ensuring both geometric and textural consistency between the generated
mesh and the original model.

In this paper, we present a High-Fidelity Generative Mesh Manip-

ulation framework, coined CraftMesh, which harnesses the capabilities of
generative large models to accomplish complex mesh editing tasks (see Fig. 1).
First, we employ a 2D image editing model to edit reference images derived
from the original mesh, extract the modified regions, and generate region-
specific meshes for these edited regions. Second, we propose a Poisson

Geometric Fusion strategy, employing a robust SDF/Mesh representation
with a Poisson normal blending technique to achieve seamless geometric fusion
of the edited region mesh with the original mesh. Finally, we introduce a Pois-

son Texture Harmonization strategy to facilitate seamless texture fusion
between the edited region mesh and the original mesh within texture space.
Experimental results demonstrate the superiority of our approach in achieving
high-fidelity mesh editing. Additionally, we conduct further experiments uti-
lizing a drag-based method for fine-grained image editing, demonstrating ours
framework’s versatility and (see Fig. 6).

Our contributions are summarized as follows:
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CRAFTMESH 5

• A novel framework that reformulates mesh editing as an image edit-

ing–mesh generation–seamless fusion pipeline integrating 2D and 3D
generative models.

• Seamless geometric fusion, introducing a Global and Local Consistency Pois-
son Geometric Fusion strategy for integrating the edited region mesh into
the original mesh.

• Seamless texture harmonization, proposing a Poisson Texture Harmoniza-
tion strategy that enables coherent blending of edited textures with the
original appearance.

2 Related Work

3D Generation Models. Recent advances in 2D di!usion models [18–20]
have profoundly accelerated 3D content creation.

SDS-based Approaches. Score Distillation Sampling (SDS) bridges 2D dif-
fusion priors and 3D optimization. DreamFusion [21] first optimized NeRF
under text-to-image di!usion guidance, followed by Magic3D [22], which intro-
duced a two-stage low-to-high resolution refinement. Later, LucidDreamer
[23] further enhanced stability and fidelity through interval score matching,
whereas ProlificDreamer [24] incorporated a variational SDS formulation to
improve diversity and quality. These methods successfully bridge 2D di!usion
priors and 3D optimization, although they frequently remain computationally
intensive.

MVD-based Approaches. Multi-view di!usion (MVD) enforces view consis-
tency during image synthesis to reconstruct 3D assets. SyncDreamer [25] and
MVDream [26] exploit multi-view di!usion for geometrically coherent text-
to-3D generation. Wonder3D [27] and One-2-3-45++ [28] further extend this
paradigm to single-image 3D generation. Recent large-scale methods such as
SV3D [29] and Instant3D [30] achieve high-quality reconstructions from sparse
views.

3D Native Generation Approaches. More recently, researchers have shifted
toward training generative models directly on large-scale 3D datasets, thereby
overcoming the inherent limitations of 2D priors. Foundational resources such
as Objaverse [31], Objaverse-XL [32], and OmniObject3D [33] provide millions
of diverse, well-annotated 3D objects, enabling scalable learning of both geome-
try and appearance. Clay [34] demonstrates controllable large-scale text-to-3D
generation by training on millions of objects. Trellis [35] proposes structured
3D latent representations that improve scalability and versatility, making gen-
erative models more e”cient at capturing complex shapes. Hunyuan3D 2.0 [1]
pushes di!usion-based 3D generation to high-resolution textured assets, sig-
nificantly enhancing realism. 3DTopia-XL [36] scales primitive-based di!usion
approaches, achieving improved generalization across diverse categories. These
native 3D models mark a shift toward more direct, e”cient, and realistic 3D
generation.20
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6 CRAFTMESH

Generative Mesh Editing. Most existing generative editing approaches pri-
marily focus on implicit representations [10–12, 37, 38]. While these methods
achieve promising results, they are constrained by implicit representations and
thus cannot be applied to mesh-level editing. In this paper, we focus on gen-
erative mesh editing, which can be broadly categorized into two paradigms:
SDS-based editing and MVD-based editing.

SDS-based Editing. SDS-based editing approaches extend the concept of
Score Distillation Sampling (SDS) loss to editing tasks by guiding mesh
optimization using pretrained di!usion priors. FocalDreamer [13] introduces
focal-fusion assembly for localized text-driven 3D editing, thereby enabling
controllable, region-specific modifications. MagicClay [14] bridges generative
neural fields with mesh sculpting, allowing users to refine or modify mesh
geometry under the guidance of Score Distillation Sampling.

MVD-based Editing. MVD-based Editing approaches employ multi-view
di!usion to ensure multi-view consistency during editing, thus bridging 2D
image generation and 3D mesh manipulation. MVEdit [15] adapts generic 3D
di!usion priors for controlled multi-view editing. CMD [17] purposed CondMV,
which takes a target image and multi-view conditions and generates multi-view
consistent edits. Instant3dit [16] introduces fast multi-view inpainting to accel-
erate editing workflows, while MaskedLRM [39] leverages large reconstruction
models with masked conditioning for e”cient mesh editing.

However, these methods fail to edit highly complex models or achieve high-
quality mesh manipulation. In this paper, our method fully capitalizes on the
complementary strengths of 2D and 3D generative models. By employing a
Poisson seamless fusion strategy, our approach merges generated region-specific
meshes with the original mesh, thereby achieving high-fidelity and structurally
consistent mesh manipulation.
Seamless Editing. Seamless editing is a fundamental topic in computer
graphics and digital image processing. The primary goal is to achieve smooth
and imperceptible transitions in images or textures, thus maintaining visual
consistency [40–43]. Liao et al. [44] develop Deep Image Analogy, which lever-
ages convolutional neural networks to establish semantically meaningful dense
correspondences between two images, thus advancing seamless editing capabil-
ities. Yu et al.[45] apply the Poisson equation to mesh editing, enabling smooth
geometric merging via gradient field manipulation, although this method does
not address appearance blending.

Recently, SeamlessNeRF [46] achieves seamless stitching of neural radiance
fields through gradient propagation, focusing on radiance field merging without
considering explicit mesh geometry. GS-Stitching [47] advances example-based
3D modeling by introducing 3D Gaussian stitching. While these works o!er
smooth merging in radiance fields or 3D Gaussians, explicit mesh geometry
is not considered. In this paper, we consider both geometry and appearance,
ensuring seamless fusion between the edited region mesh and the original mesh.20
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CRAFTMESH 7

Train
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Generate

Edited Region Meshes Generation Poisson Geometric Fusion
Edited 

Reference Mesh
Edited 

Region Mesh

Edited 
Reference Image

Edited 
Region Image

Generate

Original 
Mesh

Reference 
Image

Render

Merged mesh

Structural Guidance

Edited 
Reference Mesh

Mesh 
Boolean

Edited 
Region Mesh

Original 
Mesh
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Generated  
Texture 

Original  
Texture 

Final
Texture 

Poisson Texture Harmonization
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Training 
Texture 

Fig. 2: The overview of CraftMesh’s architecture. First, Edited Region-
Specific Meshes Generation is done as the basis of editing. Then, Poisson
Geometric Fusion harmonizes a rough geometric transition. Last, Poisson Tex-
ture Harmonization colors the edited parts in a seamless manner.

3 Method

We propose CraftMesh, a high-fidelity generative mesh manipulation frame-
work that integrates 2D image editing, 3D mesh generation, and Poisson-based
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8 CRAFTMESH

fusion. Fig. 2 illustrates the overall workflow. Our framework is designed to
address the limitations of existing 3D editing approaches, which are often
not well-suited for editing highly complex models and achieving high-fidelity
mesh manipulation. Specifically, we first edit reference images using 2D image
editing models to achieve user-intent-consistent modifications, followed by gen-
erating edited region meshes with 3D generative models. Second, we propose a
Poisson Geometric Fusion strategy that employs global and local consistency
constraints to achieve seamless geometric fusion of the edited region mesh
with the original mesh. Finally, we introduce a Poisson Texture Harmoniza-
tion strategy to ensure appearance consistency and facilitate seamless texture
fusion between the edited region mesh and the original mesh. This design
enables controllable editing while maintaining both the structural integrity
and high visual quality of the final mesh.

3.1 Edited Region Meshes Generation

Text-to-image models have demonstrated remarkable performance in control-
lable image editing, producing semantically aligned and globally consistent
results. Representative examples include FLUX Kontext [20], Qwen3 [48], and
Gemini 2.5 [49], which can e!ectively preserve content structure while intro-
ducing new details. Compared with direct 3D editing, these 2D approaches
are lightweight, controllable, and well-suited for generating high-quality edited
reference images. On the other hand, recent progress in 3D generative model-
ing, such as CraftsMan3D [3] and Hunyuan3D [1], has enabled the synthesis
of meshes with unprecedented geometric fidelity and textural realism. How-
ever, existing 3D mesh editing methods lag significantly behind. For instance,
Instant3dit [16] fine-tunes multi-view di!usion models to regenerate 3D con-
tent, but often struggles with consistency. Similarly, FocalDreamer [13] and
MagicClay [14] are limited to simple objects and frequently yield low-quality
results in the edited region.

To bridge this gap, we propose jointly leveraging the complementary advan-
tages of 2D image editing models and 3D mesh generation models. Specifically,
we generate Edited Region Meshes as intermediate assets, which are later
fused with the original mesh. The generation proceeds in two steps:

2D Editing. We begin by editing the reference image rendered from the
original mesh, guided by the user’s intent. Users can leverage a variety of tools,
such as image editing models [20], software, or other instruments, providing
flexibility and creative control. Next, we use FLUX Kontext [20], a state-of-
the-art image editing model, to extract the edited region image from the edited
reference image, highlighting only the modified areas, thereby localizing the
mesh editing scope. FLUX Kontext excels at fine-grained text-guided edits
while maintaining structural consistency and handling occlusions.

3D Generation. We then use CraftsMan3D [3] to generate meshes from
both the edited reference image and the edited region image, producing the
edited reference mesh and the edited region mesh, respectively. The edited refer-
ence mesh provides a global structure but typically lacks fine detail. In contrast,
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Fig. 3: Details of Poisson Geometric Fusion.

the edited region mesh o!ers higher local fidelity but isn’t seamlessly integrated
with the original mesh. This discrepancy arises from the inherent generative
trade-o!: holistic reconstructions emphasize plausibility over accuracy, whereas
localized generation prioritizes detail at the expense of alignment.

Our central idea is to fuse the edited region mesh into the original mesh
while using the edited reference mesh as guidance. This ensures that the
final model inherits the global smoothness of the edited reference mesh and
the fine-grained quality of the edited region mesh. Compared with prior
methods, CraftMesh o!ers: (1) no requirement for manual specification of
precise 3D editing locations, unlike FocalDreamer [13], MagicClay [14], and
Instant3dit [16], making editing more controllable and user-friendly; (2) e!ec-
tive integration of 2D editing capabilities with 3D mesh generation, ensuring
high-quality edited regions with global coherence.

3.2 Poisson Geometric Fusion

Naively integrated the edited region mesh into original mesh using mesh
Boolean can introduce noticeable artifacts, such as surface normal disconti-
nuities and inharmonious geometric details. Our objective is to seamlessly20
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10 CRAFTMESH

integrate the edited region into the original mesh while simultaneously preserv-
ing local fine-grained details and maintaining global structure. To this end, we
propose a Poisson Geometric Fusion strategy, which leverages the edited ref-
erence mesh as structural guidance. This ensures that the final reconstructed
mesh inherits the harmonious global structure of the reference mesh while
retaining the local details of the edited region.

Fig. 3 gives an overview of the workflow. We first employ a mesh Boolean
operation [50] to obtain a coarse merged mesh from the original mesh and the
edited region mesh. We then adopt a hybrid SDF/Mesh representation, which
enables flexible refinement of mesh geometry by optimizing vertex positions,
splitting triangles and collapsing edges. The refinement is guided by normal
maps rendered from both the edited reference mesh and the edited region
mesh, which are blended using a Poisson-based approach. This fusion strategy
allows the edited region to be naturally incorporated into the original mesh
with smooth boundary transitions.

Intersection Region Extraction Given the original mesh Mo and the
edited region mesh Mr, we first apply a mesh Boolean operation to obtain
a merged mesh Mt. For insertion tasks, we use mesh Boolean union, and for
deletion tasks, we use mesh Boolean di!erence. Since geometric discontinuities
mainly occur at the transition boundary, we explicitly refine this region using
a hybrid SDF/Mesh representation.

The Boolean operation produces a set of vertices Vin at the intersection
between Mo and Mr. We align the edited reference mesh Me with Mt, and
define the corresponding intersection regions as:

M in
t =

{
v → Mt | min

u→Vin

↑u↓ v↑2 < ω0

}
, (1)

M in
e =

{
v → Me | min

u→Vin

↑u↓ v↑2 < ω0

}
, (2)

where ω0 controls the extent of the intersection. We further define the
optimization region as a smaller subset within the intersection:

Mopt
t =

{
v → M in

t | min
u→Vin

↑u↓ v↑2 < ω1

}
, ω1 < ω0. (3)

This ensures that the optimization is restricted to Mopt
t , focusing refinements

on the transition area, while M in
e provides structural guidance for achieving

smooth and coherent fusion.
Poisson Normal Blending Guidance To refine the optimization region

Mopt
t , we bind a neural SDF St to the mesh, changes in the SDF will be propa-

gated to the mesh through vertex optimization. SDF-based vertex optimization
o!ers stable convergence and robustness against noise, achieving more precise
and natural geometry than voxel-based methods like DMTet [51].20
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CRAFTMESH 11

During optimization, we render multiple supervision images from random
viewpoints: (1) a normal map of M in

t , denoted nt; (2) a binary mask of Mopt
t ,

denoted maskopt; (3) a normal map rendered from the SDF St, denoted n̂t;
(4) a normal map of M in

e , denoted ne. To enforce consistency, we apply the
classical Poisson Image Editing (PIE) algorithm [40] to blend nt and ne under
maskopt:

np = #(nt, ne,maskopt), (4)

where #(·) denotes the Poisson blending operator. This blended normal map
np preserves fine-grained details from ne inside the mask while achieving a
smooth transition into nt at the mask’s boundary.

We then minimize the discrepancy between the rendered normal n̂t and
the blended normal np:

Lpoisson =
∑

i

↑n̂i
t ↓ ni

p↑2F , (5)

where ↑ · ↑F denotes the Frobenius norm and i indexes di!erent camera view-
points. Although the blended normal maps ni

p are not strictly multi-view
consistent, the implicit SDF e!ectively resolves inconsistencies and learns a
coherent transition geometry. Following MagicClay, we further incorporate
additional regularization terms, such as a smoothness loss Lsmooth and an
Eikonal loss Leik, to improve geometric fidelity and to enforce implicit surface
constraints. The final loss is formulated as:

Lgeo = Lpoisson + ε1Lsmooth + ε2Leik, (6)

where ε1 and ε2 are hyperparameters.

3.3 Poisson Texture Harmonization

After geometric editing, the newly synthesized regions of the mesh Mt lack
texture information. A straightforward solution is to employ texture genera-
tion models for color synthesis; however, the resulting textures often exhibit
noticeable color shifts from the original mesh and discontinuities along region
boundaries. Although recent work [46, 47] has explored seamless texture fusion
in NeRF and 3DGS frameworks, no existing method directly addresses this
challenge for explicit mesh representations.

Distribution-Aware Color Alignment. Let Mnew
t denote the newly

synthesized geometry and Mpr
t the preserved geometry. The preserved mesh

Mpr
t inherits textures directly from the original mesh Mo, while Mnew

t is
textured using a generative model (MeshyAI [52]). Following [14], colors are
encoded using an implicit neural color field defined over R3. The predicted col-
ors form a probability density distribution in RGB space, which we regularize
using kernel density estimation (KDE):20
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12 CRAFTMESH

ϑ(q) =
1

N

N∑

i=1

exp

(
↓↑q ↓ ri↑2

2ϖ2

)
, (7)

where riNi=1 are sampled mesh colors and ϖ is the standard deviation of the
Gaussian kernel.

We denote the color distributions of Mnew
t and Mpr

t as ϑnew and ϑpr,
respectively. Distribution-aware alignment is achieved by minimizing the
discrepancy between these two distributions:

Ldensity =
1

N

N∑

i=1

↑ϑnew(qi)↓ ϑpr(qi)
∥∥
2
, (8)

where qii = 1N are color samples from Mnew
t .

Gradient-Preserving Poisson Fusion. For each 3D point x on the mesh,
let C(x) denote its color, and Cpr and Cnew represent color fields on Mpr

t and
Mnew

t , respectively. To preserve fine-grained appearance details, we enforce
gradient consistency across regions:

Lgrad = MSE

(
ϖ

(
↔Cpr

ϱ

)
,ϖ

(
↔Cnew

ϱ

))
, (9)

where ↔ denotes numerical color gradients, ϖ(·) is a sigmoid function, and
ϱ is a gradient scaling constant.

Smooth Transition Refinement. To ensure smooth transitions at the
intersection boundary, we introduce a distance-weighted color matching loss:

Lcolor =
∑

pnew
i →Mnew

t

wi↑Cnew(p
new
i )↓ Cpr(p

pr
i )↑22, (10)

where ppri is the nearest point on Mpr
t to pnewi , and

wi =

(
1↓ ς

↑pnewi ↓ ppri ↑2

)2

, (11)

attenuates the influence with distance. The parameter ς controls the e!ective
boundary width.

The overall optimization objective for Poisson Texture Harmonization is:

Ltex = Ldensity + φ1Lgrad + φ2Lcolor, (12)

where φ1 and φ2 balance the gradient and boundary consistency terms. Unlike
prior mesh editing pipelines that synthesize only textures, our formulation
directly extends to physically based rendering (PBR) materials, as texture
generation models inherently support multi-channel PBR texture maps.
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CRAFTMESH 13

4 Experiments

4.1 Experiment Setup

Implementation. We use FLUX Kontext [20] as the generative image-editing
method, and CraftsMan3D [3] as the image-to-mesh method. It is worth noting
that our framework is agnostic to these choices. As more powerful models
come out, they should be used instead when conducting experiments. We use
MagicClay [14] as the hybrid SDF/Mesh representation backbone and implicit
neural color field backbone. On a single 4090 GPU, Poisson Geometric Fusion
takes 5 minutes and 1000 iterations, Poisson Texture Harmonization takes 1
minute and 2000 iterations

Mesh Dataset The evaluation dataset consists of meshes with intricate
detail and complex geometry. We test these meshes with complex editing tasks
to best showcase our method’s capabilities for insertion, deletion, and drag-
based mesh editing, and demonstrate our method’s achievements in global
geometry consistency and local high-quality detail.

Baselines We compare our method against recent mesh editing
approaches, specifically FocalDreamer [13], MagicClay [14], and Instant3dit
[16]. The o”cial open-source implementations of these baselines are used.

4.2 Qualitative Results

Fig. 4 presents a qualitative comparison with baseline methods. As illustrated,
the baselines struggle with complex examples, resulting in coarse geometry and
a lack of detail. The generated colors are often simple, flat, and inharmonious.
In contrast, our method produces intricate geometry with a harmonious global
structure, rich local details, and high-fidelity colors. For the fourth task, where
mesh removal is applied on the volcano, MagicClay replaces the volcano with
a rock of a distorted color style; Instant3dit substitutes the volcano with a
bland patch of grass, but fails to preserve the original part’s geometry and
quality; our method seamlessly removes the volcano and fills the space with
rocks similar to those in adjacent regions, thereby achieving both visual and
geometric harmony.

Method CLIPsim → CLIPdir → NIQE ↑ NIMA →

FocalDreamer 20.831 8.224 3.377 4.834
MagicClay 20.350 2.201 3.797 4.886
Instant3dit 19.530 2.079 3.790 4.765
Ours 22.768 13.594 3.203 5.071

Table 1: Quantitative comparison with other methods using CLIP similarity
(CLIPsim), directional CLIP similarity (CLIPdir), NIQE, and NIMA scores.20
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14 CRAFTMESH

Fail

Focal DreamerInput Magic Clay Instant3dit CraftMesh (Ours)

Fail

“Give the deer wings”

“Remove the creature’s volcano”

“Give the fox nine tails”

“Add the sculpture’s right hand”

“Give the knight a cat’s head”

“Add a dragon’s head and goat’s head”

Fig. 4: Qualitative comparisons show that our method produces intricate
geometry with a harmonious global structure, rich local details, and high-
fidelity colors.20
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CRAFTMESH 15

(a) w/o Poisson 
Geometric Fusion

(b) w/ Poisson 
Geometric Fusion

(c) w/o Poisson 
Texture Harmonization 

(d) w/ Poisson 
Texture Harmonization

(f) w/o !!"#$(e) w/o !$%&'()* (g) w/o !+,-,"
Fig. 5: Ablation study. (a,b) Poisson Geometric Fusion; (c,d) Poisson Texture
Harmonization; (e–g) Poisson Texture Harmonization losses.

4.3 Quantitative Results

Following prior work [13, 53], we use CLIP-based metrics for quantitative eval-
uation: (1) CLIPsim, which measures the alignment between a rendered view of
the edited mesh and the target text description; and (2) CLIPdir, which eval-
uates editing e!ectiveness by computing the directional CLIP similarity [54]
between the initial and edited meshes, based on their respective text prompts.
In addition, we report NIQE [55]and NIMA [56], two no-reference image qual-
ity metrics that assess perceptual fidelity and better correlate with human
visual judgment.

Table 1 present the results of the four metrics. Our method achieves the
highest scores across all of them, demonstrating its strong ability to pro-
duce edits that are both semantically faithful and visually consistent with the
desired objectives.

4.4 Ablation

As seen in Fig. 5, Poisson Geometric Fusion resolves the harsh geometric tran-
sition with natural details, while Poisson Texture Harmonization corrects the
shifted colors of the hand, rectifying the bright whiteness to the body’s darker
gray. The details of the hand are retained, and texture continuity is achieve at
the boundary.

We conduct ablations for each loss of Poisson Texture Harmonization.
Without properly learning the color distribution of the original mesh (Fig. 5e),
the resulting hand has a darker white and a greener blue, breaking har-
mony. Without retaining the original gradients (Fig. 5f), the original details20
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16 CRAFTMESH

are blurred. When colors aren’t learned at the boundary (Fig. 5g), the
discontinuity of colors at the boundary is noticeable.

Todo：一排

(a) Original (b) Edited
另外一栏Fig. 6: Drag-based mesh editing. (a) shows the original mesh, with arrows

drawn indicating the desired drag to apply. (b) shows the results.

4.5 Drag-based Mesh Editing

Beyond mesh insertion and deletion, our approach can be extended to more
sophisticated mesh editing tasks. To showcase this versatility, we apply our
framework to enable drag-based mesh editing via drag-based image

editing.
Unlike prompt-based image editing, drag-based image editing empowers

users to specify edits by drawing arrows that encode the desired drag defor-
mations, providing precise and intuitive control over the editing process. For
this operation, we leverage LightningDrag [57] as the drag-based image editor.

The workflow for drag-based mesh editing involves three steps: First, drag-
based image editing is performed; Then, mesh deletion is applied to the
corresponding region of the mesh; Last, mesh insertion is conducted using the
Edited Region meshes derived from the edited images.

Fig. 6a depicts the original meshes, with arrow annotations drawn, sig-
nifying the intention to open the angle’s wings and raising the cat’s hands.
Fig. 6b are the successful results of drag-based mesh editing. The e!ectiveness
in drag-based mesh editing validates the adaptability of our approach, demon-
strating the feasibility of extending our ideas to other advanced mesh editing
operations.

5 Conclusion

We present CraftMesh, a framework for high-fidelity mesh manipulation. Our
approach addresses the limitations of current methods by combining 2D image
editing and 3D generation models. We further purpose a Poisson Seamless
Fusion strategy, which ensures both geometric and textural consistency when
integrating new content. The proposed Poisson Geometric Fusion and Pois-
son Texture Harmonization techniques enable complex, detailed edits that
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CRAFTMESH 17

are seamlessly blended into the original mesh. Experimental results demon-
strate that CraftMesh achieves superior performance over existing baselines,
achieving harmonious global geometric structure, intricate local detail, and
high-fidelity colors. The framework is also designed to be extensible, enabling
seamless integration with future advances in generative AI driven by the rapid
development of image editing and mesh generation models. Future work can be
done to apply our ideas to more advanced mesh editing operations, or ensure
robustness against edge cases.
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致谢

非常感谢刘老师和蔡老师能给我提供这次做科研的机会。我从最初用编程做游戏到现在

已经有快 3 年了。这一路上，积累的图形学方面的经验，计算机和数学的知识都在这次的项

目中得到了运用。无论是对社区与生态的了解，编程的能力，建模的能力，linut，ssh，还是

自学微积分，参加数学竞赛，其他高等数学方面的学习。本次项目也让我找到了自己真正热

爱与擅长的东西，即，图形学方面的科研。

本次项目具体的过程如下：

3 月中旬开始，进行了 3 个月的学习。从最初的复现 Poisson image editing，到复

现 Gaussian Image，学会使用 Pyhorch，到后来复现了“Mesh Editing rith Poisson-Based 

Gradient Field Manipulation”。这期间慢慢开始对科研有所了解，学会怎读论文。

e 月中旬，正式开始了科研的项目。最初的方向和刘老师、蔡老师一起商定，大致想法是：

把 Mesh Editing LRM 的结果无缝拼回原来的 mesh。接下来便进行了两个月的尝试，这期间

一直有开线上会议进行指导。这期间想过的想法有，利用 mesh parametrixation 将 source 和

target mesh 建立对应，利用这个对应采样，让 target 学习 source 的几何，几何信息用散度

储存；在 source 和 target 上找两个一一对应的环，然后优化它的距离，直到距离为 0，便可

以直接拼接 source 和 target，成为一个完整的 mesh，而找环的过程虽然是 np-hard 的（可

以严谨证明），可以通过 heuristics 和聪明的暴力求解在 1 秒内找到环。但是实际效果一直都

很差，没有结果。我认为是因为过多在意理论与思考而缺乏实践，缺乏对实际效果的认知。

3 月中旬左右，蔡老师提到了 Flut Kontett，以及用它来实现我们想要的效果。按照实践
的思想，我跑了一个马的例子，马 → 飞马 → 翅膀，三张图片。然后意识到了把翅膀拼到马

身上的可行性，意识到效果出来了。于是，我们框架的第一部分确定了。用前面对于泊松的

经验和理解，确定了后面两部分。

框架是 3 月中旬确定的，几何的泊松和材质的泊松分别都用了 4-5 天，每天 10 个小时以

上写代码，然后晚上想问题。在 3 月底实验结果出了。

接下来的两个星期，在蔡老师的协助下完成了论文的写作。

所有代码的工作均由我一人独立完成。几何的泊松和材质的泊松，具体实施的方案是我

想的，但是所有的工作都离不开两位导师宝贵的指导，对我的想法给予建议，给我正确的方

向。导师的指导都是无偿的，在此，再次感谢两位导师的帮助。
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