Pose-Diverse Multi-View Virtual Try-on from a Single Frontal Image via
Diffusion Transformer

Supplementary Material

Prompt for Gemini Flash 2.5 Image VTON

Our virtual try-on module is based on Gemini Flash 2.5 Im-
age. We designed a structured multi-modal prompt consist-
ing of the target person image, the garment image, and a
text instruction. The exact prompt used in our implementa-
tion: Create a new image by combining the elements from
the provided images. Take the [element from image 2] and
place it with/on the [element from image 1]. Ensure the fi-
nal image is a realistic depiction of a person wearing the
garment. The output should be a single image that seam-
lessly integrates the clothing onto the person.

Dataset processing details

Our training data preparation involved processing five
datasets: Renderpeople [6], THuman 2.1 [10], 2K2K [2],
MVHumanNet [8], and Renderpeople(A-pose). The first
three datasets contain complete 3D objects, which we pro-
jected into four canonical views using a camera positioned
at 90-degree intervals. For the last two datasets, which do
not provide 3D models directly, additional preprocessing
was required to align them with our standardized rendering
pipeline.

MVHumanNet: The MVHumanNet dataset consists of
multi-view captured video frames, which are not in 3D ob-
ject. To utilize it for our training pipeline, we performed
a 3D reconstruction process for each subject. Specifically,
we first applied COLMAP [7] to extract keypoints from
the multi-view images and approximate the corresponding
camera parameters for each view as supplied camera pa-
rameter in MVHumanNet was unreliable. We then used
Splatfacto [4] to reconstruct the subject as a 3D Gaussian
splatting. Finally, from the gaussian splat, we projected the
reconstructed 3D models into 2D images from four fixed
viewpoints (0°, 90°, 180°, 270°). These rendered views
were then used as supervision for our multi-view diffusion
training. The artifacts of the reconstructed 3D gaussian
splattings were manually removed for better quality.

Renderpeople: Renderpeople offers rigged 3D human
models. We rig all characters into a A-pose. We rendered
images at fixed viewpoints (0°, 90°, 180°, 270°) with con-
sistent camera parameters across identities. The obtained
high-quality paired images are suitable for evaluating pose
control and multi-view generation fidelity.

Inference on In-the-wild images. Our method requires
multi-view OpenPose [1] skeletons as conditional input,
which are not available for single frontal view in-the-wild
images. To address this, we employ ECON [9] to obtain
SMPL [5] and convert it into OpenPose. More specifically,
we applied ECON to frontal human photos to generate a
SMPL mesh, then projected the mesh to novel viewpoints.
We extracted 2D human keypoints via OpenPose from these
synthetic views to serve as pose guidance. This procedure
enabled us to extend our pipeline to unconstrained internet
images.

Inference time

Inference Time

VTON360 (A100) 1491.95s
Ours first stage 15s

Ours second stage(multi-view, A100) 8.7s
Ours second stage(multi-view, RTX3090) | 11.28 s

Table 1. Inference time of our framework on RTX 3090 and base-
line on A100.

Table 1 shows the inference time measured on a single RTX
3090 and a single A100. VTON360 takes 1491.95 seconds
with an A100 (does not fit on RTX 3090), while our frame-
work takes 15 seconds on the VTON stage and 8.7 seconds
with an A100. (VTON360 does not fit on RTX 3090)

Additional qualitative results on complex garments

To further evaluate our method, we additionally conduct
an experiment on complex garments as shown in Figure .
We also extend our evaluation to a CustomHumans dataset
[3]. Our proposed method successfully reflects complex
patterns of input garments. For the other views (90°, 180°,
270°), our multi-view synthesis diffusion model generates
complex patterns well followed by the frontal view.

Gemini Flash 2.5 multi-view generation

We also attempted to generate multi-view virtual try-on re-
sults using only Gemini 2.5 Flash Image. However, due to
the lack of explicit control mechanisms such as pose con-
ditioning, the model fails to produce consistent outputs. In
particular, it struggles to generate results in the same pose
as input image. Figure 2 shows the multi-view VTON re-
sults using Gemini Flash 2.5 with the given prompt. Gemini
Flash 2.5 fails to maintain the posture of VTON input and
view faithfulness.
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Figure 1. Additional inference result with complex garments.

Prompt 1: Use the person in this image to create a
full-length character turnaround sheet from the front, right,
back, and left sides with the same look and dress on a clean
monochrome background.

Prompt 2: Using the person in this image, generate a full-
body person turnaround sheet showing the same appearance
and outfit against a clean solid background, including front,
right side, back, and left side views.

Ethical considerations

Our system integrates Gemini Flash 2.5 Image for virtual
try-on synthesis. We emphasize that Gemini’s built-in safe-
guards automatically filter NSFW (not safe for work) con-
tent during inference. As such, our pipeline does not pro-
duce inappropriate or harmful outputs even when tested on
in-the-wild images.
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Figure 2. Gemini Flash 2.5 fails to generate Multi-view and main-
tain posture.
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