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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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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 diffusion-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 differentiable 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 diffusion (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 diffusion 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 diffusion 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 diffusion
priors and 3D optimization, although they frequently remain computationally
intensive.

MVD-based Approaches. Multi-view diffusion (MVD) enforces view consis-
tency during image synthesis to reconstruct 3D assets. SyncDreamer [25] and
MVDream [26] exploit multi-view diffusion 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 efficient at capturing complex shapes. Hunyuan3D 2.0 [1]
pushes diffusion-based 3D generation to high-resolution textured assets, sig-
nificantly enhancing realism. 3DTopia-XL [36] scales primitive-based diffusion
approaches, achieving improved generalization across diverse categories. These
native 3D models mark a shift toward more direct, efficient, 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 diffusion 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
diffusion to ensure multi-view consistency during editing, thus bridging 2D
image generation and 3D mesh manipulation. MVEdit [15] adapts generic 3D
diffusion 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 efficient 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 offer
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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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 effectively 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 diffusion 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 offers higher local fidelity but isn’t seamlessly integrated
with the original mesh. This discrepancy arises from the inherent generative
trade-off: 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 offers: (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) effec-
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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