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Fig. 1. Results of inverse sculpting modeling and applications supported by InvSculpt. InvSculpt decomposes sculpted meshes into an underlying
shape and transferable details via a vector displacement field (VDF). Users can further redesign the underlying shape for other variants and transfer the

details across models for rapid prototyping of high-quality 3D collections.

Inverse sculpting modeling aims to decompose a sculpted mesh into an
underlying base shape and reusable geometric details, enabling non-expert
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users to inherit professional sculpting effort. We present InvSculpt, a novel
inverse sculpting framework that decomposes a sculpted mesh into a high-
fidelity underlying shape and reusable geometric details represented as a
vector displacement field (VDF). Our approach combines semantic priors
from text-guided 2D image editing with a 3D rectified flow model to per-
form inversion-based, mask-free detail removal, recovering an underlying
shape that preserves the identity of the source mesh. To represent sculpted
details in a lossless and transferable manner, we extract a VDF defined on
the surface of the recovered underlying shape and learn a continuous neural
representation for geometry-aware transfer. We observe that standard con-
ditional sampling after inversion often suffers from trajectory drift, leading
to identity shift and low-frequency distortion. To address this issue, we in-
troduce a trajectory correction strategy that constrains early sampling steps
to follow the inversion path, effectively stabilizing subsequent conditional
guidance. This design enables robust detail removal and precise extraction
of the VDF. Extensive experiments demonstrate that InvSculpt achieves
significantly higher-quality mesh decomposition than prior methods and
supports a wide range of applications, including geometry redesign and
high-fidelity geometric detail transfer.
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1 Introduction

Sculpting modeling is a cornerstone of professional 3D content
creation pipelines, enabling artists to enrich a base mesh with intri-
cate geometric details using a wide range of sculpting brushes in
modeling software [Blender 2025; ZBrush 2025] (Fig. 2). Despite its
expressive power, sculpting modeling remains largely inaccessible
to general users as producing high-quality sculpted assets requires
substantial artistic expertise in both shape design and fine-grained
geometric refinement, as well as a significant time investment, mak-
ing the workflow costly and difficult to scale.

Progressive sculpting...
Plain Base Shape

Final Sculpted Mesh

Fig. 2. Professional sculpting modeling workflow. Artists sculpt high-
fidelity 3D models by adding fine details to a base shape. We aim to investi-
gate the inverse process to accelerate forward 3D modeling.

This gap motivates an inverse sculpting modeling problem: can a
sculpted high-resolution mesh be decomposed into an underlying
base shape and reusable geometric details? Such a decomposition
would allow non-expert users to reuse the sculpting effort embedded
in professionally created assets, enabling geometry redesign, rapid
prototyping, and large-scale asset creation by transferring sculpted
details onto new base shapes.

Unfortunately, this problem remains unsolved. Existing geometry
processing [Shen et al. 2022; Zhao et al. 2021] and generative model-
ing techniques [Barda et al. 2025; Li et al. 2025a; Ye et al. 2025] are not
designed for disentangling sculpted details from base geometry, and
fail to provide a representation that is both faithful to the original
asset and transferable across shapes. The difficulty of inverse sculpt-
ing modeling is fundamental rather than incremental, arising from
three intrinsic challenges. First, sculpted details and the underlying
shape are intrinsically coupled and cannot be easily disentangled
based on geometric features. Second, obtaining a decomposed base
shape that preserves the identity of the source mesh without distor-
tion is non-trivial. Third, the geometric details cannot be faithfully
represented by conventional unidirectional displacement maps or
extracted accurately.

To address these challenges, we propose InvSculpt, a novel frame-
work that decomposes a sculpted mesh into an underlying shape
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and corresponding transferable details represented by a vector dis-
placement field (VDF). We leverage the priors of a text-guided 2D
image editing model [Google 2025] to identify details on the source
mesh according to user intent, and remove them to obtain an edited
image. We then employ a pretrained 3D rectified flow model [Xiang
et al. 2024] to perform inversion-based, mask-free removal of details
guided by the image to obtain the underlying shape. For detail ex-
traction, we deform the underlying shape toward the source while
preserving topology using the Chamfer distance on sampled points
and normals. The per-vertex difference between the deformed and
original shape yields vector displacements defined on the surface of
the underlying shape. We then train a neural network [Ling et al.
2025], using normalized coordinates of the underlying shape as in-
put to map the discrete displacements to a continuous transferable
vector displacement field.

We observe that directly applying standard sampling after inver-
sion often suffers from trajectory deviations, leading to noticeable
identity shift and low-frequency distortion in the resulting mesh.
To mitigate this issue, we introduce a trajectory correction strategy
during the sampling process: in the early steps, we first perform
unconditional sampling to steer the trajectory back toward its in-
version path, and only thereafter apply conditional image guidance
to obtain an underlying shape that satisfies the intended detail re-
moval while faithfully preserving the identity of the source mesh.
Furthermore, we extract multi-scale features from the two-stage
generative model to compute both surface masks and geometric
structure masks, preventing redundant displacement noise outside
the transfer region and enabling precise extraction of the VDF.

Our experiments demonstrate the effectiveness of our trajectory
correction for detail removal and its generalization capabilities in
structure-consistent and orientation-aligned 3D generation. Com-
pared with previous methods, our framework achieves significantly
higher-quality decomposition, enabling various applications such
as geometry redesign and geometric detail transfer.

To summarize, this paper makes the following contributions:

o We design a novel framework for inverse sculpting modeling,
i.e., decomposing sculpted meshes into an underlying shape
and transferable details.

e We propose a trajectory correction strategy in a 3D rectified
flow model during post-inversion sampling to perform detail
removal, obtaining a high-fidelity underlying shape.

e We introduce a vector displacement field defined on the sur-
face of the underlying shape as the representation of lossless
and transferable geometric details.

2 Related Work

Generative 3D Shape Editing. With the rapid progress of gener-
ative models [Labs et al. 2025; Lipman et al. 2023; Rombach et al.
2021; Xiang et al. 2024], the workflow of 3D editing has shifted from
traditional manual operations [Biermann et al. 2002; Sorkine et al.
2004] to text- or image-guided editing. In the early stage, represen-
tative works [Barda et al. 2024; Dinh et al. 2025; Gao et al. 2023; Li
et al. 2024; Liu et al. 2024; Meng et al. 2025; Mikaeili et al. 2023; Sella
et al. 2023; Wang et al. 2022, 2025b,a; Zhuang et al. 2024] relied on
optimization-based techniques, taking textual prompts as input and
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leveraging 2D generative priors such as CLIP [Radford et al. 2021]
and score distillation sampling (SDS) [Poole et al. 2022] to optimize
implicit or explicit 3D representations. However, such methods are
typically computationally expensive. Subsequent works [Bar-On
et al. 2025; Barda et al. 2025; Li et al. 2025b; Mu et al. 2023; Yang et al.
2025] adopted feed-forward multi-view diffusion models to acceler-
ate editing by modifying rendered views and lifting the edits back to
3D, but inconsistent predictions often degrade edit fidelity. Another
line of work focuses on 3D detailization [Chen et al. 2025, 2021] by
training 3D convolutional networks. More recently, the emergence
of native 3D generative models has enabled both mask-assisted [Li
et al. 2025a] and mask-free [Ye et al. 2025; Zhou et al. 2026] localized
3D editing by exploiting their strong generative priors. However, de-
tail removal editing remains particularly challenging: it is inherently
a global editing operation, making it difficult for native 3D editing
methods to perform removal while keeping identity unchanged.

Mesh Decomposition. Decomposing a mesh into an underlying
shape and other geometric signals, such as high-frequency noise or
geometric details, has long been a challenging problem in computer
graphics. One common formulation treats mesh decomposition as
a mesh denoising task, where the goal is to recover an underlying
shape from noisy input meshes. Early techniques addressed this
by employing robust statistics and local first-order surface predic-
tors [Jones et al. 2003], or by adapting 2D bilateral filtering to the
3D domain [Fleishman et al. 2003]. Subsequent research shifted
toward optimization-based frameworks [Diebel et al. 2006; He and
Schaefer 2013; Wang et al. 2014], seeking a denoised mesh that ap-
proximates the input while satisfying specific priors imposed on
the ground-truth geometry or noise distributions. With the advent
of deep learning, a variety of learning-based approaches have been
proposed [Hattori et al. 2022; Shen et al. 2022; Wang et al. 2016; Zhao
et al. 2021]. While these methods can effectively remove surface
noise via geometric signals, they lack the semantic awareness to
handle large-scale sculpted structures. Another class of methods
treats decomposition as a detail extraction and transfer task. Early
approaches [Biermann et al. 2002; Sorkine et al. 2004] applied geo-
metric smoothing to the source mesh to obtain a base shape, then
computed the residual details and transferred them using manually
specified correspondences. Subsequent methods rely on pre-defined
3D shape correspondence and represent details using unidirectional
displacement representations, extracting them through multi-scale
mesh hierarchies [Berkiten et al. 2017], various geometric features
with neural feature extraction [Li and Zhang 2021], or decompo-
sitions as high- and low-frequency SIREN networks [Yifan et al.
2022]. These approaches, constrained by the limited expressiveness
of unidirectional displacement representations, struggle to accu-
rately extract the details in sculpted meshes.

3  Method

Our framework is to decompose a sculpted mesh into an underlying
shape and transferable details represented as a vector displacement
field (Fig. 3). Guided by a user-specified prompt, we first apply a text-
driven 2D image editing model to remove details from the source
detailed mesh in a semantic-aware manner, and use the resulting
image to guide inversion-based, mask-free removal of details with a

3D generative model to obtain the base shape and 3D detail mask.
We then deform the masked base shape toward the source mesh
using Chamfer distance on sampled points and normals, yielding
per-vertex vector displacements. Finally, we train a neural network
to map discrete displacements to a continuous vector displacement
field. To mitigate the original trajectory drift and achieve the in-
tended detail removal while preserving the source mesh identity, we
introduce a trajectory correction strategy. Specifically, we constrain
early sampling steps to follow the inversion path, thereby guiding
subsequent conditional sampling to converge toward a proper mode.

3.1 Preliminaries

3D Rectified Flow Model. Our underlying shape estimation frame-
work is based on a 3D rectified flow model [Xiang et al. 2024] that
utilizes multi-view image features to construct a structured latent
representation, defined as a set of local latents {(z;, pi)}iL:l anchored
to active voxels p; that intersect the object surface. Each latent code
z; € RC encodes fine-grained geometry and appearance within its
corresponding voxel. During inference, the generation process be-
gins by sampling noise in the voxel-based latent space, followed by
a two-stage denoising procedure. In the structure (ST) stage, the rec-
tified flow model predicts voxel occupancy over a 643 grid, yielding
a voxel-based geometry structure, then the structured latents are
denoised in the sparse-latent stage (SLAT) to recover fine-grained
geometry and texture.

Inversion-Based Editing. Inversion-based image editing has been
extensively explored in prior works [Huberman-Spiegelglas et al.
2024; Mokady et al. 2023; Rout et al. 2025; Wang et al. 2024a]. How-
ever, the quality of such methods is often limited by inaccurate in-
version, which typically stems from the accumulation of numerical
errors during ODE integration, leading to noticeable deviations in
the reconstructed samples. Recently, RF-Solver [Wang et al. 2024a]
addresses this issue by improving inversion accuracy through a
second-order Taylor expansion. Given a state xj, RF-Solver inte-
grates the rectified-flow ODE from data to noise using a Taylor-
improved Euler scheme:

1
Xe—p =Xxr + Afop(xp, t,c) + EAZ Ot fo(xe, t,c), (1)

where the temporal derivative d; fp(x;, t, ¢) is approximated via a
finite-difference formulation:

fo(xe—njat —A/2,¢) = fo(xi, t,c) @

A/2 '

Here, x; denotes the state at timestep ¢, x;_a is the predicted state
at the next integration step with step size A, and fp(x;,t,c) rep-
resents the noise-prediction network with an input condition c.
VoxHammer [Li et al. 2025a] further extends inversion-based edit-
ing to native 3D generative models [Xiang et al. 2024], enabling
mask-assisted local geometry editing.

Orfo(xs,t,¢) =

3.2 Underlying Shape Estimation

We estimate the underlying shape via two components: 3D inversion,
which incorporates source mesh priors during sampling based on the
inverted noise, and trajectory correction, which steers the sampling
path toward the intended modes. Given a source detailed mesh
Sdet, we render it into a single-view image I4.;. We then perform
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Fig. 3. Overview of InvSculpt. Given a source detailed mesh and a user-specified prompt, we first perform 3D inversion on the initial structure and SLAT to
obtain the noise representations Ny and Ngj,. We then apply a text-guided 2D image editing model to remove details in the image domain, producing Ipase,
which guides inversion-based 3D detail removal with trajectory correction to recover the underlying shape Sp,s and detail mask Mg and Mge;. Finally, we

deform Sy under the mask constraint to obtain a detailed mesh Sge; with topology consistent with Sp,ge. The per-vertex differences between Sy, and Sdet
yield vector displacements, which are used to train an MLP-based vector displacement field defined on the surface of Sp,se.

a Taylor-improved inversion [Li et al. 2025a; Wang et al. 2024a]
within the 3D rectified flow model with I4.; at both the ST and SLAT
stages to map the source detailed mesh to its corresponding noise
representation Ny and Nyj,t. Specifically, we reverse the forward
time schedule 0 = sy < s < --+ < sy =1 by traversing the rectified-
flow trajectory backward from timestep st to so. Throughout both
stages, we employ classifier-free guidance w:

fefe = (1 + ©) fo(cond) — w fp(uncond), 3)
where the guidance weight is set to w = 0 for t € [0,0.5] to stabi-
lize the early inversion steps while preserving sufficient semantic
sharpness [Li et al. 2025a], and set to w = —1 for the remaining
timesteps. This unconditional inversion in the later stage facilitates
subsequent trajectory correction by enabling the sampling process
to retrace the inversion path.

During sampling, we apply a text-guided 2D image editing model
to remove details from I4.¢ by using a user-specified prompt (e.g.,
erasing sculpted details of horns and scars while preserving the
overall smooth structure), producing an image Iy,s that leverages
the strong 3D generative prior to semantically guide detail removal
over the entire shape. Rectified flow models tend to follow relatively
straight trajectories, making the initial velocity direction critical.
We observe that directly applying conditional sampling from the
beginning causes the trajectory to deviate significantly from the
inversion path at early timesteps (Fig. 4), leading the solution to
converge toward the mode induced by Ip,se and resulting in identity
shift and degraded structures at the structure generation stage.
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To address this issue, we adopt a simple yet effective trajectory
correction strategy. Specifically, we perform unconditional sampling
in the early timesteps t;, by setting = —1for t € [#3, 1], forcing the
trajectory to follow the inversion path back toward the source mesh
mode, and then switch to conditional sampling. In our experiments,
we found that using #, = 0.8 can stably correct the convergence
behavior to obtain a higher-fidelity base structure. To bridge the
structural difference between the base voxels and Ny, we project
latent features of Nyt to the base structure via n-nearest neighbor
query and aggregation process, where we set n to 3 in practice. This
yields the base SLAT, which is then fed into the sparse decoder to
reconstruct the underlying shape Sp,se. The resulting shape both sat-
isfies the intended removal specified by Ip,se and faithfully preserves
the identity of the source mesh.

3.3 Vector Displacement Field Extraction

We first extract two complementary 3D masks at different stages of
the detail removal process to enable accurate vector displacement
field extraction. Specifically, a structure-level 3D mask is derived
from the voxel-based representation in the first stage to capture
large-scale geometric changes:

My (p) = ]I(|Osrc(P) - Obase(P)l > Ty), 4

where p denotes a voxel location, Og (p) and Opase (p) represent the
voxel occupancy values before and after removal, respectively, z is
a threshold that controls the sensitivity to structural changes, which
we set to one voxel difference, and I(-) is the indicator function.
Voxels with M (p) = 1 (white) correspond to regions exhibiting
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significant differences and are identified as removed structures,
while voxels with M (p) = 0 (black) preserve the original geometry.
A soft detail-level 3D mask is then computed in the second stage
using cosine similarity between latent codes to identify fine-grained
surface variations:

<Zsrc (P)> Zbase (P))
[1zsee (D)l lzbase (Pl ’

Maer(p) =1 - (5)
where zy.(p) € RE is the source latent codes obtained by dense
multiview visual features on Syt extracted from a DINOv2 [Jose et al.
2025] encoder, zpase(p) € R is latent codes generated by sparse
flow model after detail removal, (-, -) denotes the inner product,
and ||-||2 is the & norm. Combining these two voxel-based masks
as Mpnal(p) = Mst(p) + Maet(p) yields a more precise localization
of geometric details.

Given Sp,se, we follow the framework of a Sobolev preconditioned
gradient descent [Nicolet et al. 2021], which achieves smoother
deformations without losing detail. In this formulation, the base
mesh is reparameterized by the mesh Laplacian L:

v =(I+ AL)v. (6)

This preconditioning involves solving a sparse linear system at
every iteration, modifying the gradient descent update for each
mesh deformation step to:

dLcp
v

where Lcp is Chamfer distance loss on sampled points and normals
on deformed mesh and Sget, 77 is the learning rate, I is the identity
matrix, and A is a hyperparameter to control the extent of gradient
diffusion over the entire domain which we set to 15 throughout our
experiments to obtain high fidelity results [Meng et al. 2025].

We first perform a global mesh deformation to obtain an interme-
diate source detail mesh Sg., that is topologically consistent with
Spase- The voxel-based 3D mask is then projected onto Sqet to pro-
duce a vertex-based 3D mask, which is subsequently used to guide
a second deformation step to obtain Sg:tal so that the base mesh
is deformed only in regions containing transferable details. This
process effectively suppresses redundant noise (Fig. 6) outside the
detail regions when computing per-vertex vector displacements by

v —ov—-nI+AL)"? , (7)

taking vertex-wise differences between Spase and gg‘:tal

We then train a neural network [Ling et al. 2025] that takes as
input the coordinates of Sp,s. normalized to the range of [0, 1] and
predicts the vector displacements, supervised by the per-vertex
displacements using MSE loss. This network lifts discrete displace-
ments into a continuous VDF, enabling detail transfer to meshes of
arbitrary resolution via 3D shape correspondence obtained by the
existing model [Liu et al. 2025], as detailed in Sec. 5.

4 Experiments

We conducted experiments to evaluate the various capabilities of
InvSculpt both quantitatively and qualitatively for underlying base
mesh estimation and accuracy of detail extraction. We then present
an ablation study that validates the significance of our key insight
into trajectory correction strategy in the 3D rectified flow model, as
well as the effect of the 3D detail mask.

4.1 Qualitative Evaluation

We evaluate our method from two perspectives: fidelity of underly-
ing shape estimation and detail extraction quality. For underlying
shape estimation, we compare our approach with several alterna-
tives, including mask-free multiview image editing-based 2D lifting
method using EditP23 [Bar-On et al. 2025], direct 3D generation
from images using Trellis [Xiang et al. 2024] and Hunyuan3D [Hun-
yuan3D et al. 2025], and mask-assisted native 3D editing method
using VoxHammer [Li et al. 2025a]. Notably, to ensure a fair compar-
ison with VoxHammer, we manually annotate masks on the regions
to be removed in the source mesh.

We further evaluate the quality of detail extraction through geo-
metric transfer. Specifically, we adopt a paradigm that first performs
transfer in the image domain [Google 2025] and then generates
geometry using image-guided 3D generation methods for compari-
son. We consider three representative image-guided 3D generation
approaches: Trellis and Hunyuan3D that directly generate 3D geom-
etry from images, and Phidias [Wang et al. 2024b], which introduces
an explicit 3D reference to provide geometric supervision during
image-guided generation.

In the comparison of underlying shape estimation (Fig. 11), Ed-
itP23 suffers from multi-view editing inconsistencies and limitations
of the subsequent mesh reconstruction algorithms, which lead to
degraded quality. Trellis and Hunyuan3D benefit from strong gen-
erative priors, improving the quality of meshes generated from a
single image. However, due to the lack of 3D information from the
source mesh, their results often exhibit noticeable identity drift.
VoxHammer injects source mesh geometry through inversion, but
detail removal remains a global editing that is difficult to specify
with masks. Even though we manually annotate multiple masks for
each example, the edited results still have incomplete removal and
identity shift. In contrast, our method incorporates source mesh
information via inversion and further introduces trajectory correc-
tion during the sampling process, enabling the final results to both
satisfy the intended removal and faithfully preserve the identity.

In geometric transfer comparison (Fig. 8), we observe that image
editing models are relatively stable for detail removal of a single
image, yet unstable when transferring details between two images.
Directly generating transferred results from an image often fails
to maintain the target mesh’s identity and may add or lose details.
Moreover, even with the target mesh as a 3D constraint, Phidias still
produces blurry details. In contrast, our method extracts a reusable
vector displacement field defined on the surface of the recovered
underlying shape and enables applying 3D shape correspondence
via a frozen model to transfer these details. This ensures that the
target mesh preserves its identity while accurately inheriting high-
quality geometric details.

4.2 Quantitative Evaluation

We quantitatively evaluated the underlying shape by regarding
geometric structure fidelity and identity consistency with the source
mesh. We use 20 sculpted meshes for decomposition.

Geometric Structure Fidelity. We evaluate underlying shape fidelity
by computing the average Chamfer distance between two point sets,
each consisting of 20,000 samples drawn from the decomposed
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w=3

Source mesh

Ground truth

w/o Trajectory correction

Fig. 4. Effect of trajectory correction. Our method effectively mitigates
trajectory drift in standard sampling across a reasonable range of CFG values
by correcting the sampling trajectory at early stages, thereby preserving
the source mesh identity (e.g., eyes, nose, and jaw of the head) and avoiding
low-frequency distortions. The ground truth mesh is obtained from flame [Li
et al. 2017].

underlying shape and the ground truth of the source mesh before
sculpting. Compared to alternative methods, our approach achieves
the highest fidelity in recovering the underlying shape.

Identity Consistency. We compute CLIP scores between the detail-
erased images produced by the 2D editing model and renderings in
24 different views of the underlying shapes decomposed by different
methods. Direct generation from a single image typically results in
identity drift, whereas our method effectively maintains identity
through trajectory correction.

User Study. We further conducted a user study to assess the geo-
metric fidelity and identity consistency of the decomposed underly-
ing shapes, as well as the quality of detail extraction as reflected by
subsequent geometric detail transfer. For each part, we invited 25
participants to evaluate 12 decomposed results of different methods,
rating them on a scale from 1 to 5, where higher scores indicate
better performance. As shown in Table 1, participants preferred our
method by a significant margin.

4.3 Ablation Study

Effect of Trajectory Correction Strategy. Fig. 4 compares the under-
lying shape estimation results produced by the standard conditional
sampling process and by our trajectory correction strategy, evalu-
ated under three classifier-free guidance (CFG) strengths: 1, 3, and 5.
Unlike the original sampling process, our approach constrains the
early sampling steps to follow the reverse direction of the inversion
path, correcting the subsequent conditional sampling process. As a
result, across all CFG strengths, the sampling process consistently
converges to a mode that both preserves the identity of the source
mesh and achieves the desired detail removal effect.

Key Insight. We further visualize and analyze the sampling tra-
jectories (Fig. 5) for the examples shown in Fig. 4. Specifically, we
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Fig. 5. Visualization of trajectories in 3D rectified flow model. We vi-
sualize the inversion trajectory in Fig. 4, together with sampling trajectories
under three different CFG values, with and without trajectory correction, by
projecting them to 2D using PCA. The results show that standard sampling
exhibits drift in the early stage, whereas our method effectively corrects the
trajectories, yielding outputs that both follow image guidance and preserve
the source mesh identity.

Table 1. User evaluation of mesh decomposition.

Method Fidelity of Underlying Shape T
VoxHammer 2.3778
EditP23 1.5722
Trellis 3.2944
Hunyuan3D 2.9444
Ours 4.7056
Quality of Detail Extraction T
Phidias 1.7167
Trellis 2.8056
Hunyuan3D 2.4556
Ours 4.3667

project the latents from the inversion path, the three standard sam-
pling trajectories (blue lines), and the three corrected trajectories
(yellow lines) into 2D using PCA. In the visualizations, the rightmost
point corresponds to the noise obtained after inversion, and the left
gray point denotes the latent encoded from the source mesh.

As the rectified flow model produces the relatively straight trajec-
tories during sampling [Albergo and Vanden-Eijnden 2023; Lipman
et al. 2023; Liu et al. 2023], the early trajectory direction plays a
critical role in determining the final converged mode. As shown in
Fig. 5, standard sampling deviates from the inversion path at early
timesteps, drifting prematurely toward the mode induced by the
image. This leads to noticeable inconsistencies in the final mesh,
including deviations from the source mesh identity and mismatched
orientation. In contrast, our method constrains the early sampling
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Table 2. Quantitative comparison of baseline methods. We evaluate
underlying shape fidelity using the average Chamfer distance against the
ground truth. Identity preservation is assessed by CLIP scores between
detail-erased images and 24-view renderings of decomposed shapes.

Method Chamfer Distance | CLIP Score T
Hunyuan3D 0.0727 0.9433
TRELLIS 0.0557 0.9371
EditP23 0.1262 0.8919
VoxHammer 0.0488 0.9534
Ours 0.0334 0.9901

steps to follow the inversion path back toward the source mesh
mode before applying conditional sampling. This ensures robust
behavior across a reasonable range of CFG strengths and yields
results that preserve the source mesh’s geometric attributes, such
as orientation and low-frequency structure, while achieving the
intended detail removal.

This observation further motivates us to apply trajectory cor-
rection to training-free generation tasks. As illustrated in Fig. 9,
given an A-pose human body as the source mesh to be inverted
and an input image of a person in an arbitrary pose, applying tra-
jectory correction enables the model to generate a human mesh
that aligns with both the pose and orientation of the source mesh
while remaining faithful to the appearance specified by the input
image. This demonstrates the generalization ability of our approach
to structure-consistent and orientation-aligned generation tasks.

Effect of Extracted 3D Detail Mask. Fig. 6 illustrates the comparison
among detail transfer results without using the trajectory correction
strategy and mask, without using the mask, and our full framework.
When distorted results obtained without trajectory correction are
used as the underlying shape for detail extraction, the accuracy of
the resulting vector displacement field degrades significantly. More-
over, during detail removal, inversion inaccuracies and the limited
reconstruction fidelity of the 3D VAE may introduce redundant
noise into the extracted vector displacement field outside the detail
regions. By using region masks that localize the details during the
detail removal process, we are able to obtain a more accurate VDF,
leading to higher-quality transfer.

‘ < —_—
l Geometric

detail

transfer w/o Detail mask

Source mesh & Detail mask w/o Trajectory correction w/o Detail mask Ours

Fig. 6. Effect of the detail mask. While extracting details directly from
distorted meshes often leads to failure, our approach robustly extracts high-
quality geometric details, effectively suppressing noisy displacements.

5 Applications

Geometric Detail Transfer. Our method is capable of extracting
transferable vector displacement fields from diverse sculpted meshes.
Then, we can accurately transfer details across models within the

same category via a pretrained 3D shape correspondence model [Liu
et al. 2025]. Specifically, we initialize correspondences between the
target and base shapes using nearest-neighbor matching in the
extracted semantic feature space, and further refine these matches
with Smooth Discrete Optimization [Magnet et al. 2022], which
iteratively solves for functional maps in a coarse-to-fine manner
to recover a smooth point-to-point correspondence. Based on the
resulting 3D correspondence, we query the vector displacement
field using the corresponding normalized vertex coordinates on
the source base mesh, and transfer the vector displacements with
standard local coordinate frame construction [Berkiten et al. 2017] to
synthesize geometric details. Various geometric details from source
meshes, including fine-grained surface details such as fish scales
and stone cracks, as well as large-scale structures like horns, can be
seamlessly transferred to diverse target models (Fig. 10).

&

s Underlying shape

Decompose

Vector |
Displacement

Source mesh Field Apply
(a) Reusing VDF on edited underlying shape

Redesined mesh

Decompose Redesign

Source mesh Underlying shape Redesigned meshes

(b) Sculpting new details on underlying shape

Fig. 7. Geometry redesign. After decomposition, our framework enables
reusing the extracted VDF on edited underlying shapes, significantly re-
ducing the complexity of direct high-resolution mesh editing. In addition,
new details can be sculpted on the underlying shape to efficiently produce
diverse shape variations.

Geometry Redesign. Once the underlying shape is obtained, users
can freely perform further sculpting on it. As shown in Fig. 7, we
decompose the base model of an intact stone pillar from a dam-
aged pillar, enabling users to sculpt alternative expressive variants.
Moreover, due to the topology-agnostic property of the vector dis-
placement field, our approach supports large-scale deformations
of the base model while preserving fine details. The base model
of a monster head can be globally reshaped (e.g., made slimmer),
after which the geometric details are automatically reattached by
using the normalized coordinates before being reshaped to query
the vector displacements, avoiding the detail loss and operational
difficulty associated with directly editing high-resolution meshes.

SIGGRAPH Conference Papers *26, July 19-23, 2026, Los Angeles, CA, USA.
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6 Conclusion

We have presented InvSculpt, a novel framework that decomposes a
sculpted mesh into an underlying shape and its transferable details
represented by a vector displacement field. Identifying and obtain-
ing the underlying shape and the transferable details in a source
mesh is inherently ambiguous, making it challenging for traditional
and generative geometry processing methods. Therefore, we lever-
age the strong semantic priors of 2D editing models and integrate
them into a native 3D rectified flow model to achieve reliable de-
composition. To further mitigate identity drift caused by trajectory
deviation during the standard sampling, we introduce a trajectory
correction strategy that enables high-fidelity detail removal for ob-
taining identity-preserved results. Moreover, we compute 3D detail
masks from the native 3D generative model to more accurately ex-
tract the vector displacement field. The resulting underlying shape
and transferable vector displacement field support a wide range of
downstream applications, including geometry redesign and geomet-
ric detail transfer.

Limitations and Future Work. While our method can achieve high-
quality decomposition, the fidelity of the underlying shape remains
constrained by the generative priors of the 3D generation models as
well as the reconstruction capacity of the 3D VAE. In addition, the
quality of detail transfer is limited by the 3D shape correspondences
provided by the pretrained semantic model, where inaccurate se-
mantic features may lead to subpar results. In the future, we plan to
use our framework to generate datasets of paired sculpted and base
meshes, which will be beneficial for training end-to-end models that
can achieve detail removal more efficiently.
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Fig. 8. Qualitative comparisons of geometric detail transfer. Our method extracts high-fidelity geometric details from the source mesh, enabling
high-quality detail transfer by combining with existing 3D shape correspondence techniques.
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Fig. 9. Generalization of trajectory correction. Trajectory correction ef-
fectively injects structural and orientation constraints from the source mesh
into the generation process, enabling training-free orientation-consistent
synthesis and structure-consistent generation.

Source mesh Geometric detail transfer results

Fig. 10. Geometric detail transfer results. Our method extracts high-
fidelity geometric details from the source meshes to facilitate high-quality
transfer, enabling rapid prototyping and scalable creation of thematically
consistent 3D assets.
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Fig. 11. Qualitative comparisons of underlying shape estimation. InvSculpt aims to address the issue of identity drift, which is an inherent limitation of
image-to-3D models rather than being caused by the image editing model. The results show that our method effectively preserves both the identity and the
geometric structure of the source mesh, enabling more accurate detail extraction and more reliable downstream geometry redesign.
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