Image-Guided Geometric Stylization of 3D Meshes
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Figure 1. Our method enables stylization of 3D meshes driven by image style references. The target stylized meshes retain the coarse
structure and semantics of the input mesh while incorporating internal geometry derived from the style reference.

Abstract

Recent generative models can create visually plausible 3D
representations of objects. However, the generation process
often allows for implicit control signals, such as contextual
descriptions, and rarely supports bold geometric distortions
beyond existing data distributions. We propose a geomet-
ric stylization framework that deforms a 3D mesh, allowing
it to express the style of an image. While style is inher-
ently ambiguous, we utilize pre-trained diffusion models to
extract an abstract representation of the provided image.
Our coarse-to-fine stylization pipeline can drastically de-
form the input 3D model to express a diverse range of ge-
ometric variations while retaining the valid topology of the
original mesh and part-level semantics. We also propose
an approximate VAE encoder that provides efficient and re-
liable gradients from mesh renderings. Extensive experi-
ments demonstrate that our method can create stylized 3D
meshes that reflect unique geometric features of the pictured
assets, such as expressive poses and silhouettes, thereby
supporting the creation of distinctive artistic 3D creations.
Project page: https://changwoonchoi.qgithub.
io/GeoStyle
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1. Introduction

Despite impressive advancements in 3D generative mod-
els, it is not trivial to support artistic creation of 3D mod-
els with existing Al tools. The artistic style is beyond what
one can achieve by interpolating or composing existing data
distributions, and the unique component embedded within
the imagined creation cannot be communicated intuitively.
Previous attempts at stylization focus on altering the local
appearances of the given global structure. Image styliza-
tion works distinguish style from content, maintaining the
overall layout of the original image while altering only lo-
cal patch statistics [9]. Similarly, 3D stylization methods
incorporate text descriptions to guide local geometric vari-
ations on the surface [6, 40], or produce specific geometric
characteristics with handcrafted regularizations [22, 32, 33].

We expand the notion of style beyond high-frequency
textures to embrace geometric features of various scales
as components of a unique style. For example, in Fig. 1,
the distinctive silhouette of Bourgeois’s spider or the rigid
structural characteristics of a fire hydrant cannot be de-
scribed by local texture. Such a diverse range of variations
requires a holistic analysis, whose geometric characteristics
are challenging to describe unambiguously with an input
text, as shown in Fig. 2. We utilize reference images as a
means of explicit description to inspire 3D stylization in-
tended by users. With the power of image diffusion models,
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ploys feed-forward networks that learn to approximate the
optimization-based process with a neural network, enabling
ef cient stylization. While these approaches show promis-
ing results, they primarily focus on matching patch statistics
and transferring high-frequency appearance attributes such
as color, texture and brushstroke patterns.

Image style transfer has been naturally extended to 3D
style transfer, aiming to stylize a 3D scene so that its
rendered appearance matches the visual characteristics of
a reference image. Recent works have explored style
transfer across various 3D representations, including point
the image clue can be transformed into a style-speci ¢ op- clouds [16, 41], meshes [14], Neural Radiance Fields [5,
timizer for free, which can guide geometric stylization. 18, 42, 57, 58] and 3D Gaussian Splatting [35, 56]. Sim-

Instead of generating stylized geometry from scratch, weilar to image style transfer, most 3D style transfer ap-
formulate geometric stylization as the task of deforming a proaches mainly focus on transferring high-frequency sur-
user-provided mesh model. The deformation maintains theface textures while overlooking the role of geometry in
original manifold topology despite a signi cant change in conveying style. Only a few works have explored geo-
structure. While the popular choice of volumetric repre- metric style transfer; however, they are restricted to the
sentations can generate visually plausible 3D shapes withmage domain [37, 54] or limited to speci ¢ object cate-

a differentiable rendering pipeline, these representations of-gories [54, 55].

ten lack a rigorous topological structure. In contrast, we can

start from a valid mesh topology and maintain compatibility 3D mesh stylization by deformation. In contrast to

with valuable assets, such as UV maps and motion rigs, agexture-based style transfer on 3D meshes, some approaches
well as rich geometric processing pipelines for smoothing, stylize meshes by deforming them. Early works [19, 34]
upsampling, and re-meshing. and its follow-ups [10] optimize positions of mesh vertices

Our stylization framework requires the extraction of by minimizing image-space style loss [9, 24] with differ-
geometric style and signi cant yet valid deformation of entiable rendering technique. Hertz et al. [12] transfer ge-
the given mesh. We de ne the stylistic component as ometric textures from reference meshes to source meshes.
an abstract feature of a pre-trained large-scale diffusionHowever, they are limited to transferring high-frequency
model [44] and extract the style of the reference image geometric details and only achieve local vertex displace-
as LoRA weights [15]. Then, Score Distillation Sampling ments. Another line of work [22, 32, 33] stylize meshes
(SDS) [45] drives mesh deformation to align with the ref- with large-scale deformation by minimizing hand-crafted
erence style. We propose using an approximate VAE en-heuristic regularization terms, which are limited to repre-
coder of the latent-based diffusion model, which is crucial senting speci ¢ styles. Recent works [6, 8, 20] utilize large
for stabilizing the optimization in practice. Our deforma- image models, including CLIP [46] and pixel-space diffu-
tion pipeline rst encourages semantically coherent defor- sion model [3], for mesh deformation. By leveraging pow-
mation per part at a coarse level, followed by ner devia- erful large image models which have high-level and se-
tion via Jacobian optimization [1]. We optionally preserve mantic understanding of shapes, the methods successfully
symmetry, which maintains internal consistency. Together, deform the source mesh into various concepts or styles.
these components form a general and practical frameworkHowever, the inherent ambiguity of text descriptions often
for transferring high-level geometric style from 2D images makes it dif cult to precisely control the stylization or re-
to 3D meshes, paving the way for intuitive, reference-driven ect the user's stylistic intent.
3D content creation.

Figure 2. Text-based deformation often struggles to capture and
transfer geometric style, whereas our image-guided framework
can transfer intended aesthetic from rich and speci ¢ visual cues.

3. Method

2. Related Work _ .

Given a source mesh and reference style images, our
Style transfer.  Style transfer is the task of applying the vi- method deforms the mesh to exhibit the geometric style de-
sual style of one input to the content of another, producing picted in the input images. An overview of our pipeline
a stylized output that preserves the original content while is illustrated in Fig. 3. We rst extract the abstracted style
adopting the target style. The seminal work by Gatys et component from input images as a LoORA weight of latent
al. [9] and its follow-ups [4, 11, 23, 25-27, 29, 31, 38, 47] diffusion model. Then we deform the mesh by minimizing
formulated style transfer as an iterative optimization prob- the SDS loss from a style-infused latent diffusion model
lem that minimizes content and style losses de ned on deepwith an ef cient low-rank approximation of the encoder.
features [52]. Another line of works [2, 17, 30, 43, 51] em- The deformation adapts our novel coarse-to- ne strategy,



ne-scale appearance: DreamBooth has been shown to pre-
serve coherent shape, proportions, and other structural traits
that form the global identity of the subject. This aligns
with our goal forgeometric stylizationwhich incorporates
both local details and global shape priors. We further re-
duce the computational overhead by restricting the parame-
ter updates to low-rank adapters (LoRA) [15] inserted into
the diffusion model's U-Net [49]. Once it is extracted from
the input, the compact abstraction serves as the stylization
target that the geometry should match.

3.1.2. SDS Loss with an Approximated VAE Encoder

We deform the input mesh based on the Score Distillation
Sampling (SDS) loss that leverages a pre-trained diffusion
model [48]. Following DreamFusion [45], the SDS loss is
derived by omitting the Jacobian term of the U-Net [49] in
the gradient of the original diffusion training loss:

Figure 3. Method overview. We rst extract geometric style from Loi = Ecx Wk (ziicit)  K3); (2
reference images by training LORA using a DreamBooth-style ob- . L.
jective (Sec. 3.1.1). We optimize per-face Jacobians to transferWhere N (0;1),  represents the noise prediction net-
geometric style to source mesh. The optimization is guided by Work of the diffusion model, and; is the noised latent
SDS loss (Sec. 3.1.2). To handle both large structural deformationof ground-truth data. This formulation provides an update
and ne-grained details, we adapt a coarse-to- ne deformation direction that follows the score function of the diffusion
(Sec. 3.3), along with the cage-based regularization (Sec. 3.2.1)model toward high-density regions of the data distribution,
and optional symmetry regularization (Sec. 3.2.2). without requiring backpropagation through the pretrained
diffusion model.

, ) . ) To deform the source mesh, we adopt the per-face
which effectively preserves content identity and local fea- 5504pian parameterization introduced by Neural Jacobian
tures without deteriorating the mesh structure. In addition to Fields [1]. More concretely, we avoid directly optimizing

per-face optimization of the mesh to minimize the proposed o tey nositions, which has been shown to be unstable and
loss, we introduce an auxiliary representation with coarselorone to producing local, fragmented deformations [8]. In-

samples, and allow large-scale changes with part-level rég-giaaq e represent the deformation using per-face Jaco-

ularization. biansJ; 2 R3 3, which enables more coherent and larger-
3.1. Style Matching scale shape changes. The deformed vertex positions are

) _ ) S then recovered from the deformation mapby solving the
The primary subtask in geometric stylization is to extract fo|jowing Poisson equation:

the styleencoded in the reference images and to optimize X

the source mesh. Although “style' is dif cult to de ne ex- = min jtijkr Jik?: ©)
plicitly, we leverage the generative priors of pre-trained dif-
fusion models to extract a coherent abstraction of it.

With this parameterization, the gradient of the SDS loss
3.1.1. Image Style Extraction with respect to the per-face Jacobiddsg is expressed as
DreamBooth [50] provides a critical mechanism for this —
by ne-tuning a pretrained diffusion model on a small set r 5,Lsps = Bt Wi( (zi;C;t) )@ . (4)
of reference images, it encourages the model to capture the B @;

distinctive attributes that de ne the subject's appearance: wherez; is the noisy latent obtained from the rendered mesh

L oreamsooth = Excx [Wek® ( ox+ ¢:c)  xk2: (1) image, computed with per-face Jacobiin2 R® 3 ofa
triangular mesh.
wheret  Uniform([0; 1]), x denotes a reference image,
¢ is the conditioning signal such as a text prompt, and Approximated VAE encoder. The geometric stylization
t; t;W; are the noise scheduling parameters of the dif- process extracts features from mesh renderings and prop-
fusion model [13, 53]. Importantly, the attributes captured agates gradients to re ne the underlying geometry. Al-
through this process extend beyond surface-level texture othough latent diffusion models such as Stable Diffusion XL



3.2. Regularization with Identity Preservation

By allowing deformation to match the style of the input
images, we can transform the mesh into the desired style.
While the Jacobian eld in Eq. (3) can progressively update
the surface details, extreme deformation can deteriorate the
overall structure when the reference image is signi cantly
different from the initial geometry, as shown in the second
row of Fig. 8. We propose a coarse-to- ne strategy, en-
abling large-scale changes at an early stage. At a coarse
level, we de ne a cage lodscage Which creates locally co-
Figure 4. Effect of model choices on text-guided mesh deforma- herent structures and preserves the semantics of the geom-
tion. For each source mesh, we apply SDS [45] guidance using (1)e_tr_y (Sec. 3.2.1). We assume that the part-level decompo-
DeepFloyd-IF [3], (2) SDXL [44] with the original VAE [21], and 5|t|(_)_n o_f the mesh can provu_JIe clues for relative semantics,
(3) SDXL with our approximated encoder. Our setup successfully facilitating content preservation, and de ne coarse-level de-
transfers the intended semantic shape, while the alternatives eitheformation using cages per part. Then we gradually in-
distort geometry or fail to deform the global structure. crease the relative contribution of the Jacobian optimization
L sps, which re nes ne-scale details. Optionally, we de-
tect the re ective symmetry of the input mesh and preserve
(SDXL) [44] provide strong generative priors, their large it (Sec. 3.2.2).
VAE encoder—decoder architecture can make gradient prop- . . .
agation less effective for geometry optimization. Previous 3.2.1. Auxiliary Mesh and Cage-Guided Deformation
work has shown that approximating components of the VAE In addition to per-face Jacobians, cage-guided deformation
in latent diffusion models can signi cantly accelerate 3D re- coherently moves the large-scale semantic structures. To
construction tasks [39]. Building on this insight, we develop disregard the detailed triangulation, we process the coarse-
an ef cient approximation of the VAE encoder tailored to level changes on an auxiliary mesh composed of spheres
our setting, enabling fast and stable encoding of renderedextracted from the vertex samples of the original mesh.
images into the latent space during optimization. Additionally, we extract semantic mesh parts using Part-
Letx 2 R3 H w be a rendered image of the source Field [36] Then we t Oriented BOUnding Boxes (OBBS)
mesh andz 2 R* H W be its corresponding latent en- aligned with the part segmentation, denoted&s; -
coded from the SDXL VAE. We then compute a matrix ~ 1he coarse deformation is parameterized by sgaleo-
A 2 R* “suchthaz' Ax,wherex =[x;1]is obtained  tation R;, and translatioril, of each OBBC,. At each
by concatenating a one matrix along the channel dimen-Optimization step, we rst update the OBB parameters
sion, allowing to model af ne components. Givéhren-  fSi;Ri;Tiglz; using the SDS loss calculated with the ren-
dered image_|aten[ paifg(xi : Zi)giN:]_ ,we t A via least dered view of the auxiliary mesh, denoted LE'@?S. The
squares: centers of the auxiliary spheres are directly updated by ap-
plying the optimized cage transformations. Concretely, a
X sphere center with initial coordinafe= ( x;y; z) is trans-
A =argmin  kz AXiKs; (5) lated intop®= (x%y% 2% asp®= sRyp + T).
i=1 The part-wise transform is transferred from the auxil-
iary mesh to the deformation of the source mesh, guided by

where we us&l =500 in practice. . Ny
. . . . . cages. We de ne cage coefcient®; = [wiq;:::; Wig]
We emphasize that this approximation strategy is Cru_that satisfy

cial, as even text-guided mesh deformation fails without @
it. To justify our choice of using SDXL with an approxi- vi = w; ¢ ; (6)
mated VAE encoder, we compare three setups on text-based
mesh deformation: (1) DeepFloyd-IF [3] — the pixel diffu- . . . .
sion model used in MeshUp [20], (2) SDXL with its native where these coef cients indicate h_o_w much in uence fhe
VAE, and (3) SDXL with our approximated encoder. As th OBB comerc; .haa c;n the position of mesh vertex.
shown in Fig. 4, the rige SDXL setup struggles to deform NOte that they satisfy ;_, w; = 1. We regularize cage
the global shape meaningfully, and the DeepFloyd-IF vari- _coef cients of the_ta_rget mesh to fc_>||ow those of_ the auxil-
ant often shows suboptimal results. In contrast, our setup'@”y Mesh by minimizing the following loss function:
yields semantically aligned deformations, demonstrating its 0 X
effectiveness. Therefore, we adopt SDXL with the approx- L cage = 1 i
imated encoder for all subsequent experiments. L., IGj vi2C,

i=1

KW iaux W itgt k2' (7)



wherejGj is the number of vertices in pa@, andW 2%,
W}gt are cage coef cients calculated using the updated
OBBs of the auxiliary mesh and target mesh, respectively.
The auxiliary mesh and cage coef cient regularization en-
able stable and semantically coherent deformations unde
SDS optimization.

3.2.2. Symmetry Regularization

We allow users to optionally enforce symmetry during opti-
mization if the source mesh exhibits internal symmetry. We
detect re ectional symmetry based on the vertices of the
source mesh. We apply PCA to the vertidesg’_, and
obtain the principal axefsag g§:1 . For each axis, we de-

ne are ection plaf_l,e x With normalay passing through
the centroidr = Vi i Vi. Then each vertex; is mirrored
across  onto Vi ik ), and its nearest vertex; (jx  is
identi ed. We consider  to be a valid symmetry plane
when the following two conditions hold:

kaiB((i;k) Vj(ikyke < 1;8 and
(8)

KVmircik)  Vjak)Ke < 2
I

where ; and , are threshold values. We denote the set

containing the symmetric paifgi;j (i; k))gasP.

Once the symmetry is detected, we introduce a symme-
try loss consisting of two regularization terms. For each
symmetric pair(i;j (i;k)) 2 Pk, we force the midpoint of
the symmetric pair to lie on a common plang (which can
be changed from the initial symmetric plane). The rst loss

term penalizes the deviation of midpoints from this plane:
X 1 X
o Pk ®)

i2

jrg (mig V)j=

(i (1)) 2P «

Lmid =

Using the calculated midpointa;, = %(vi + Vj(ik)), We
calculate a normal vecta¥, of common plane™ to all
midpoints by performing SVD on their covariance matrix.

where 1 and ; are hyperparameters. With the optimized
cages, we calculatiecage by following Eq. (7). Then, the
target mesh is optimized with Eq. (12):

rLtgt(t): slsps+ 4lregt sLsym+ G(t)l-cage; (12)

wheret 2 (0; N;] denotes the optimization iteration, and
3; 4; s are constant hyperparameters. We linearly decay
6(t) from its initial value ¢ as follows:

6(t) =

Here,L g is a Jacobian regularization term introduced in
TextDeformer [8] that prevents the deformed mesh from de-
viating excessively from the source mesh by encouraging
f Ji g to follow the identity matrix. In the ne stage, we do
not regularize cage coef cients and minimize:

6 1 099 N : (13)

3|—SDS + 4|—reg + (14)

Ligt = 5Lsym;

wheret 2 (N1;N3]. This stage applies ne-grained adjust-
ments to capture the geometric style of the reference image
while preserving the large-scale translations established in
the coarse stage.

4. Experiments

In this section, we rst demonstrate the superiority of our
method over baselines through a user study and qualita-
tive comparisons. We further highlight the importance of
the proposed components via ablation studies. Finally, we
show that our approach exibly incorporates additional con-
ditioning signals such as texts and user-selected parts.

4.1. Implementation Details

We train LoRA [15] module of rank 16 with Dream-
Booth [50] using 4-12 reference images. The source meshes
used in our experiments typically contain 2k-20k vertices.
During optimization, we render meshes with differentiable

The second term encourages the direction vector betweenasterizer [28]. Users can adaptively select the number of

the symmetric paiix = v;
frx by minimizing
X
Lair =

Vj ik ), to be orthogonal to

X

: 1§ r0ik);
P (1 j midikJ)

(B (1) 2P«

(10)
K

whereai;k = dix =kdix k. The complete symmetry loss is
given by: Lsym = Lmia + Lgir. Note that symmetry loss
is also de ned for the auxiliary mesh by treating the centers

of spheres abv;g, and is denoted ds37, .

3.3. Coarse-to-Fine Deformation Pipeline

In the coarse stage, we optimize the scale, rotation, andt

translation parameters of the cages of the auxiliary mesh
using the following loss function:

aux .

1LglIJDXS + 2Lsym1 (11)

Laux =

semantic parts segmented by PartField [36] for cage coef-
cient regularization. Details of the experimental setup are
provided in the Appendix A.

4.2. Comparative Evaluation

Quantitative evaluation. We compare our method
against four baselines: Paparazzi [34], Neural 3D Mesh
Renderer [19], MeshUp [20], Text2Mesh [40], and TextDe-
former [8]. Since our task focuses on geometric stylization
from image references rather than text prompts, we adapt
Text2Mesh and TextDeformer by replacing their CLIP [46]
ext embeddings with CLIP image embeddings of the refer-
ence style references. We compute the loss with the same
set of reference images as those used during LoRA [15]
training, and we use the averaged loss value for optimiza-
tion. For MeshUp, we leverage the Textual Inversion [7]



Figure 5. Qualitative comparison of the proposed method against baselines [8, 19, 20, 34, 40]. Our method achieves expressive geometric
deformation, accurately re ecting both coarse structure and ne detail from the style reference while preserving the identity of source
mesh, whereas baselines struggle to capture the intended geometry.

to rank the outputs of each method for 8 samples based on
three criteria: (1) how well the geometry aligns with the
style reference, (2) how faithfully the content of the source
mesh is preserved, and (3) how effectively the aesthetic
style is transferred. For every sample, we converted ranks
into scores in descending order. We present the details of
user study in Appendix B. As shown in Fig. 6, our method
achieves the best perceptual ranking in terms of geometric
alignment and aesthetic style transfer. We note that base-
lines may score higher in content preservation since some
of them struggle to produce geometric structural changes,
resulting in meshes that remain close to the source mesh
without re ecting the desired deformation.

Figure 6. User study results. We examine each method using three

criteria, including the measurement of geometry alignment, con-

tent preservation, and aesthetic style transfer. Qualitative evaluation. We visualize the qualitative com-
parisons in Fig. 5. Paparazzi and Neural 3D Mesh Ren-

technigue to obtain an optimized token, then use it with derer primarily perform texture-oriented style transfer, and

the pretrained DeepFloyd-IF [3] for deformation. Then therefore struggle to induce a desired geometric deforma-

we guantitatively evaluate the proposed method with base-tion, resulting in only local shape variations. Text2Mesh

lines through a perceptual user study. A total of 32 par- tends to produce noisy artifacts due to its direct optimiza-

ticipants were gathered, and each participant was requestetion over vertex coordinates and color rather than structured
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