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A. Implementation Details
To train LoRA weight [3] on Stable Diffusion XL [10] us-
ing DreamBooth [12], we use a total of 4-12 images for
each style reference and set the LoRA rank to 16. Fol-
lowing common practice, we adopt the prompt “A photo of
TOK sculpture” and omit the class-specific prior preserva-
tion loss proposed in the original DreamBooth formulation.
The learning rate is set to 10−4, and LoRA weight is trained
for a total of 800 iterations. In the case of the approxi-
mated VAE [6] encoder, we first render N = 500 images
of the source mesh from random viewpoints and obtain cor-
responding latent via SDXL VAE encoder. We then fit the
matrix using these 500 image–latent pairs.

For mesh deformation, the SDS loss [11] is computed
using the text prompt “A TOK style sculpture”. We use
N1 = 1800 and N2 = 3600 iterations for optimization.
Rasterization is performed with the differentiable nvdiffrast
rasterizer [7]. The camera FOV and distance are set to 30◦

and 5.0, respectively. The viewpoint is randomly sampled
by choosing the elevation uniformly from [10◦, 30◦] and
the azimuth from [0◦, 360◦). Batch size is set to 4, i.e We
render mesh from four different viewpoint at each iteration.
We optionally leverage the proposed symmetry loss, when
the symmetry is detected via Eq. (8) of the main paper and
the source mesh’s vertices are arranged accordingly.

B. Details of User Study
We quantitatively compare the proposed method with base-
lines through a perceptual user study. A total of 32 partic-
ipants were gathered and each participant was requested to
rank the output of a total of six different methods [1, 4, 5, 8,
9] for 8 samples based on three criteria:
• 1) Geometric Alignment: Rank the 3D model based on

how accurately it aligns with the reference image in terms
of geometric properties (pose, silhouette, and structural
shapes). (A higher rank indicates closer geometric corre-
spondence to the reference image.)

• 2) Content Preservation: Rank the 3D model based
on how well it maintains characteristics of the original
3D model, even after incorporating the reference image’s
style. (A higher rank means the 3D model remains more
faithful to the original model while integrating the new
style.)

• 3) Aesthetic Style Consistency: Rank the 3D model
based on how well it captures the overall artistic style or
visual impression of the reference image. (A higher rank
means the model conveys a style that feels more consis-
tent with the reference.)

For each question, we randomly shuffle the order of the out-
puts from six different methods to ensure a fair comparison.

C. Additional Results
We visualize the additional qualitative comparison with the
baselines [1, 4, 8, 9] in Fig. 11. As shown, our method effec-
tively deforms the source mesh to incorporate the geometric
style of the style reference, while baseline methods tend to
generate artifacts or only texture-like small modifications.
We show the additional qualitative results in Fig. 12, high-
lighting the superior performance of the proposed method.

In addition, we report the FID score [2] between ren-
dered meshes and style references for additional quantita-
tive evaluation. Each deformed mesh is rendered from 16
different viewpoints, and the corresponding style images
employed during LoRA [3] training are used as the ref-
erence set. A total of 12 meshes are used for evaluation.
As reported in Table 1, our method achieves the best score,
demonstrating superior perceptual alignment with the target
style compared to baselines.

Method FID (↓)

Paparazzi [8] 419.89
Neural 3D Mesh Renderer [4] 417.08

MeshUp [5] 396.23
Text2Mesh [9] 409.17

TextDeformer [1] 400.58
Ours 376.57

Table 1. Quantitative comparison measured by FID [2].
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Figure 11. Additional qualitative comparison of our method with the baselines [1, 4, 5, 8, 9] on diverse geometric stylization scenarios.
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Figure 12. Additional qualitative results of the proposed method.
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