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Abstract
Given a pair of images depicting a person and a garment sep-
arately, image-based 3D virtual try-on methods aim to recon-
struct a 3D human model that realistically portrays the person
wearing the desired garment. In this paper, we present IPV-
TON, a novel image-based 3D virtual try-on framework. IPV-
TON employs score distillation sampling with image prompts
to optimize a hybrid 3D human representation, integrating
target garment features into diffusion priors through an im-
age prompt adapter. To avoid interference with non-target
areas, we leverage mask-guided image prompt embeddings
to focus the image features on the try-on regions. More-
over, we impose geometric constraints on the 3D model with
a pseudo silhouette generated by ControlNet, ensuring that
the clothed 3D human model retains the shape of the source
identity while accurately wearing the target garments. Exten-
sive qualitative and quantitative experiments demonstrate that
IPVTON outperforms previous methods in image-based 3D
virtual try-on tasks, excelling in both geometry and texture.

Introduction
Human generation has been a prominent task in the AIGC
field, with virtual try-on attracting widespread attention
due to its significant commercial and entertainment value.
Image-based 2D virtual try-on technology, which generates
a realistic photo of a person wearing a desired garment by
combining the person’s image with the garment’s image, is
valued for its user-friendliness and resource efficiency. How-
ever, this method is limited by its reliance on a fixed view-
point (see Fig. 1 (a)), which poses challenges in real-world
applications where users often need to assess the garment
from multiple angles. On the other hand, the traditional 3D
virtual try-on method provides the advantage of multi-angle
views but requires complex processes such as garment-body
registration and physics simulations (see Fig. 1 (b)), making
it labor-intensive. The challenge of reconstructing accurate
3D models from 2D images, an inherently ill-posed prob-
lem, further complicates efforts to integrate image-based and
3D-based virtual try-on techniques.

Owing to the remarkable progress in diffusion models
for Text-to-Image (T2I) (Ho, Jain, and Abbeel 2020; Sohl-
Dickstein et al. 2015; Song and Ermon 2019), the field of
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Figure 1: Compared to 2D virtual try-on (Kim et al. 2024)
with its fixed viewpoint and 3D virtual try-on (Li et al. 2024)
that require complex processes, IPVTON can generate 3D
try-on results from just a human image and a garment image.

3D content generation has seen significant advancements.
Recent works (Chen et al. 2023; Wang et al. 2024; Qian
et al. 2023; Zhong et al. 2025) leverage 2D generative pri-
ors from pre-trained T2I models (e.g., StableDiffusion (SD))
combined with the Score Distillation Sampling (SDS) loss
(Poole et al. 2022) to optimize 3D representations, resulting
in high-quality 3D objects. Despite the success in synthe-
sizing images with specific concepts (Ruiz et al. 2023; Ku-
mari et al. 2023), extending these techniques to customized
3D object generation remains challenging. For instance, in-
corporating personalized modules such as LoRAs (Hu et al.
2021) into the SD model diminishes its ability to generate
consistent multi-view images (Xie et al. 2024). Addition-
ally, fine-tuning with only a few images struggles to capture
the complex features of garments necessary for 3D virtual
try-on.

Image prompt adapter (IP-Adapter) (Ye et al. 2023) intro-
duces a cross-attention layer for image prompts in diffusion
models, enabling controllable generation based on provided
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A woman wears a red and black plaid long-sleeved shirt and blue skinny jeans. 
She also wears black ankle boots and a black hat. She has long wavy blonde hair.

Garment Image

Human Image 3D Try-on Texture3D Try-on Geometry

Garment Image

3D Try-on Texture3D Try-on Geometry

A woman wears a yellow short-sleeved top and blue skinny jeans.  She also 
wears black ankle boots and a black hat. She has long wavy brown hair.

Garment Image

Human Image 3D Try-on Texture3D Try-on Geometry

A woman wears a blue sleeveless tank top and white skinny jeans. She also 
wears tan strappy sandals. She has medium-length brown hair.

A woman wears a brown long-sleeved turtleneck top and white skinny jeans.  
She also wears tan strappy sandals. She has medium-length brown hair.

Garment Image

3D Try-on Geometry 3D Try-on Texture

Figure 2: 3D Try-on results. Given a human image, a garment image and a text prompt, IPVTON can generate realistic 3D
human models with the desired garment shapes and textures while preserving the source identity.

images. In this paper, we propose IPVTON, a data-efficient
image-based 3D virtual try-on framework that integrates an
image prompt adapter with customized diffusion models to
optimize a hybrid 3D human model using SDS loss. Since
IP-Adapter is compatible with existing diffusion models, it
eliminates the need for additional parameter fine-tuning with
limited-viewpoint images, preserving multi-view generative
priors for consistent 3D model generation. Moreover, com-
bining textual and visual prompts effectively encapsulates
the high-level semantics of garments. Specifically, we adopt
a two-stage 3D generation framework that independently
optimizes the geometry and texture of a hybrid 3D human
model initialized with SMPL-X (Pavlakos et al. 2019), using
an image prompt encoder to extract features from the target
garment image and its corresponding normal map to guide
the respective optimizations. Unlike using a reference image
to influence the entire output (Zeng et al. 2023; Ran et al.
2024), virtual try-on requires preserving the non-try-on re-
gions of the source human image during optimization. To ad-
dress this problem, we employ mask-guided image prompt
embeddings to focus the image prompt features on the tar-
geted region, reducing unintended effects on surrounding
areas. Furthermore, while mask guidance mitigates inter-
ference, it may limit the effectiveness of image prompts in
guiding geometry generation. To overcome this problem, we
introduce a Pseudo Silhouette Loss (PSL) to ensure the gen-
erated 3D human conforms to the desired garment shapes.
Fig. 2 illustrates the 3D try-on results generated from a hu-
man image and an in-shop garment image. Overall, our con-
tributions are summarized as follows:

• We design a data-efficient image-based 3D virtual try-
on framework that generates 3D human models seam-
lessly wearing the desired garments, which can be ob-
served from any viewpoint.

• We combine score distillation sampling with image
prompts to optimize a hybrid 3D human representation,
using an image prompt adapter to integrate garment fea-
tures into the diffusion prior. We leverage mask-guided
image prompt embeddings to focus the image features
on the masked region, preserving the source identity in
non-try-on areas.

• To ensure the generated model accurately reflects the de-
sired garment shapes, we propose a pseudo silhouette
loss to optimize the 3D human geometry.

Related Work
2D and 3D Virtual Try-on. Image-based 2D virtual try-
on aims to fit an in-shop garment onto a clothed human
in an image. Traditional methods primarily rely on Gen-
erative Adversarial Networks (GANs) (Goodfellow et al.
2020; Zhong et al. 2023a; Wu et al. 2020; Shi et al. 2021),
where the garment is first deformed to align with the per-
son’s pose, followed by a generator that blends the deformed
garment with the person’s image (Zhong et al. 2021; Wu
et al. 2019; Choi et al. 2021; Ge et al. 2021). Building on the
advancements of diffusion models in image editing, virtual
try-on research has increasingly focused on their applica-
tion, leveraging pre-trained diffusion models to blend gar-
ments with human appearances (Kim et al. 2024; Choi et al.
2024; Zhu et al. 2023). Despite the success of 2D virtual
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try-on methods, they struggle to generate multi-view try-on
results, which are crucial for real-world applications.

With the increasing demand for 3D virtual try-on, (Bhat-
nagar et al. 2019; Mir, Alldieck, and Pons-Moll 2020; Patel,
Liao, and Pons-Moll 2020; Zhong et al. 2023b) represent
garments layered over the SMPL model (Loper et al. 2023;
Pang et al. 2024). M3D-VTON (Zhao et al. 2021) constructs
a 3D clothed human by predicting dual depth maps for a per-
son’s image and applies these depth values to the results of
2D virtual try-on. To leverage the powerful generative prior
of diffusion models, DreamVTON (Xie et al. 2024) com-
bines SDS loss with LoRAs (Hu et al. 2021) to generate 3D
humans with customized identities and clothing. However,
the need to fine-tune the LoRA layers for each pair of sam-
ples incurs a time cost. Efficiently integrating desired gar-
ment features into a diffusion model remains a challenge.

Text-guided 3D Human Generation. Avatar-CLIP
(Hong et al. 2022) initializes the geometry of 3D human
using a shape VAE network and refines geometry and
texture with CLIP loss (Radford et al. 2021). Dreamwaltz
(Huang et al. 2024b) improves SDS loss by incorporating
3D-aware skeleton conditioning, while Humannorm (Huang
et al. 2024a) and AvatarVerse (Zhang et al. 2024) utilize
the hybrid 3D representation DMTet (Shen et al. 2021)
combined with structural condition maps to achieve more
detailed and realistic geometry. TADA (Liao et al. 2024)
enhances the upsampled SMPL-X model by adding a
displacement layer and texture map. TeCH (Huang et al.
2024c) combines SDS loss with DreamBooth. However,
while the geometry and texture of the generated 3D human
can be altered by modifying the text prompt, the results
often deviate from the provided image.

Customizing Diffusion Models. DreamBooth (Ruiz et al.
2023) fine-tunes the network on a small set of subject-
specific images, enabling the customization of diffusion
models to closely match the style or subject of the provided
images. LoRA (Hu et al. 2021) reduces trainable parame-
ters by learning rank-decomposition matrices, enabling effi-
cient fine-tuning of pre-trained diffusion models with spe-
cific concepts. Custom Diffusion (Kim et al. 2024) fine-
tunes a small subset of weights in the cross-attention lay-
ers, focusing on the key and value mappings from text to
latent features. IP-Adapter (Ye et al. 2023) proposes decom-
posing the cross-attention layers for text and image features,
allowing an image prompt adapter to incorporate additional
image styles. (Choi et al. 2024) first customize a diffusion
model with IP-Adapter for 2D virtual try-on. IPDreamer
(Zeng et al. 2023) combines SDS loss with IP-Adapter, en-
abling the customization of 3D models. However, since it is
designed for general 3D objects, applying it directly to hu-
mans yields coarse results due to the complexity of human
topology.

Preliminaries
Latent Diffusion Model (LDM) performs diffusion in a
lower-dimensional latent space for decreasing computing
cost. Specifically, LDM employs an autoencoder to encode

an input image x into a latent code z = E(x) and decode z
to x = D(z). During the forward stage, the initial latent
code z0 is gradually perturbed by adding Gaussian noise
ϵ over the time step t to match the Gaussian distribution:
zt ∼ N (0, I). In the reverse stage, a noise predictor ϵϕ based
on a U-Net structure (Ronneberger, Fischer, and Brox 2015)
and parameterized by ϕ is trained to predict the noise added
at each corresponding step of the forward process. The train-
ing uses the following loss function:

min
ϕ

Ez0,ϵ∼N (0,I),t ∥ϵϕ (zt; y, t)− ϵ∥22 , (1)

where y represents a conditional text prompt and ϵ denotes
the added random noise.

Score Distillation Sampling (SDS) is proposed to opti-
mize a 3D representation parameterized by η using differen-
tiable rendering, ensuring that the rendered 2D images con-
form to the diffusion prior. Given a random camera pose, the
differentiable rendering function g generates the rendered
image I via I = g(η). η is optimized for 3D consistency by
computing the gradient of LSDS with respect to z, which is
encoded from the rendered image I:

∇ηLSDS(ϕ, z) = Et,ϵ

[
w(t) (ϵ̂ϕ (zt; y, t)− ϵ)

∂z

∂η

]
, (2)

where w(t) is a time-dependent weighting function that
varies with t and zt is the noised latent vector. Compared
to ϵϕ, ϵ̂ϕ incorporates classifier-free guidance (Ho and Sal-
imans 2022) to align the diffusion process with the target
prompt.

Method
We first introduce an efficient 3D hybrid representation, ini-
tialized with the SMPL-X human body prior (Loper et al.
2023), to model the source identity’s body shape and pose.
Building on this model, we adopt a two-stage, text-guided
3D generation framework that independently optimizes the
geometry and texture using SDS loss with mask-guided im-
age prompt embeddings. To ensure the generated 3D human
conforms to the desired garment shape, we employ a pseudo
silhouette loss to constrain the geometry generation.

3D Hybrid Human Representation
We utilize DMtet (Shen et al. 2021) as our 3D representation
because it combines explicit and implicit forms to efficiently
model the 3D clothed human and can be easily converted
into meshes. Inspired by (Huang et al. 2024c), we create an
outer shell Mshell of SMPL-X (Feng et al. 2021) to form
an outer shell tetrahedral grid (Vshell, Tshell), with Vshell

representing the set of vertices and Tshell representing the
set of tetrahedrons in the grid. For each vertex vi ∈ Vshell,
we train an MLP-based neural network Ωg , parameterized
by ϕg , to predict its Signed Distance Field (SDF) value:
Ωg(vi) = s(vi;ϕg). We initialize Ωg as follows:

LSDF (Ωg) =
∑
x∈P

∥s (x;ϕg)− SDF (x)∥22 , (3)
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Figure 3: Overview of IPVTON. Given a human image HI , we first construct a DMTet-based 3d representation initialized
with SMPL-X to model the human, with its geometry and texture generated through Ωg and Ωc, respectively. During geometry
optimization, the rendered human normal map In is encoded into the diffusion model ϵ̂ip and, along with yn and m, is used
to compute Lnorm

SDS . yn is the normal image prompt embedding encoded from Hn
g via Eip, and m is a mask covering the try-on

region, derived from H′
I . During texture optimization, the rendered human image Ir is encoded into ϵ̂ip and along with yr, y

and m, is used to compute Ltex
SDS . y is the text prompt embedding encoded from the target texts via Et, and yr is the image

prompt embedding encoded from Hg via Eip. ⊙ denotes pixel-wise multiplication.

where P is the set of random sampling points near Mshell.
Next, we employ the Marching Tetrahedra (MT) algo-

rithm (Doi and Koide 1991) for iso-surface extraction, re-
sulting in triangular meshes. Additionally, we train another
MLP-based neural network Ωc, parameterized by ϕc, to gen-
erate its albedo map. Given a sampled camera pose, we can
utilize differentiable rasterization (Laine et al. 2020) to ren-
der the human mesh’s normal map In, color map Ir, and
mask IM.

Geometry Optimization Stage
To optimize geometry guided by text prompts, (Chen et al.
2023; Wang et al. 2024; Huang et al. 2024a) encode the
rendered normal map, with the resulting encoding serving
as input to the diffusion model for calculating the normal
SDS loss. However, representing garments with complex
shapes remains challenging without prompt engineering, as
text prompts typically describe limited garment dimensions
(e.g., length, width). To capture the high-level semantics of
garments, we utilize IP-Adapter (Ye et al. 2023) to combine
textual and image prompts with a decoupled cross-attention
mechanism. Specifically, an image prompt adapter Eip is
used to project the image into a sequence of features that are
combined with the textual embedding. As shown in Fig. 3,
we extract the image prompt feature of the target garment’s

normal map, denoted as yn = Eip(Hn
g ), where the normal

image Hn
g is obtained from the target garment image Hg

via normal map estimation DPT (Ranftl, Bochkovskiy, and
Koltun 2021). The calculation of normal SDS loss is as fol-
lows:

∇ϕg
Lnorm
SDS (ϕ′, zn) =

Et,ϵ

[
w(t) (ϵ̂ip (z

n
t ; y, yn, t)− ϵ)

∂zn

∂ϕg

]
,

(4)

where ϵ̂ip refers to the diffusion model employed in IP-
Adapter, with ϕ′ denoting its parameters, and zn represents
the latent codes encoded from In. However, using global im-
age prompt embeddings can unintentionally affect the entire
body, including areas that should remain unchanged during
geometry optimization. To address this problem, we employ
mask-guided image prompt embeddings to focus the image
prompt features on the masked region. Given the query fea-
tures Z, the output of the cross-attention module for the im-
age prompt, Z′, is computed as follows:

Z′ = m Softmax

(
QK⊤

ip√
d

)
Vip, (5)

where Q = ZWq,Kip = ynW
′
k and Vip = ynW

′
v

are the query, key, and value matrices for the normal image
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prompt features yn. Wq,W
′
k,W

′
v are the projection ma-

trices used for linear transformation. m denotes the partial
mask of the pseudo mask HM

I′ generated by SAM, covering
the try-on regions, which will be described later.

Although mask guidance reduces interference, it can re-
strict the ability of image prompts to effectively steer ge-
ometry generation. To enforce geometric constraints on the
generated 3D model, we apply a pseudo silhouette loss to
shape the contours of the 3D human. Specifically, as shown
in Fig. 3, we use two condition maps to guide ControlNet: a
partial segmentation map of HI , excluding the regions to be
transferred, and a pose map of HI , extracted with OpenPose
(Cao et al. 2017). This process generates a human image HI′

that combines the body from HI with the garment shapes
from Hg . We then use SAM to generate the corresponding
mask, HM

I′ . The pseudo silhouette loss can be formulated as
follows:

LPSL = ∥HM
I′ − IM)∥22+∑

k∈Edge(IM)

min
k̂∈Edge(HM

I′ )
∥k − k̂∥1. (6)

It ensures that both the edges and the silhouette mask of
IM align with those of HM

I′ . Moreover, we can estimate the
normal maps of HI and HI′ using ICON (Xiu et al. 2022).
By combining partial normal maps from HI and HI′ based
on segmentation maps, we can also obtain a pseudo normal
map ground truth Hn′

I to further constrain the geometry:

Lnorm = ∥Hn′

I − In∥22. (7)

Note that the camera views used to render IM and In in
Eq. 6 and Eq. 7 are specifically the front and back views. The
overall geometry loss functions are calculated as follows:

Lgeo = λPSLLPSL + λnormLnorm

+ λnorm
SDS Lnorm

SDS + λlapLlap,
(8)

where λ{PSL,norm,SDS(norm),lap} denotes the weights used
to balance the geometry losses, and Llap represents the
Laplacian smoothing term (Ando and Zhang 2006), applied
for surface regularization.

Texture Optimization Stage
Despite the guidance provided by text prompts, accurately
capturing the target garment’s texture remains challenging,
as text descriptions often fail to convey its brightness and
saturation. We extract the image prompt embedding of the
target garment as yr = Eip(Ig). The texture SDS loss Ltex

SDS
is obtained as follows:

∇ϕc
Ltex
SDS(ϕ

′, zr) =

Et,ϵ

[
w(t) (ϵ̂ip (z

r
t ; y, yr, t)− ϵ)

∂zr

∂ϕc

]
,

(9)

where zr represents the latent codes encoded from Ir.
Similar to the geometry optimization, we apply mask m

to the image prompt features yr to concentrate the garment

texture on the target region. Given the query features Ẑ, the
output of cross-attention for yr is denoted as Z′′:

Z′′ = m Softmax

(
Q′K

⊤
ip′

√
d

)
Vip′ , (10)

where Q′ = ẐWq,Kip′ = yrW
′
k and Vip′ = yrW

′
v

represent the query, key, and value matrices of the cross-
attention module for image prompt features yr.

To retain the appearance of the source human image in
regions unaffected by the garment transfer, we employ m̂ to
constrain the local texture as follows:

Lrecon = ∥m̂(HI − Ir)∥22, (11)

where m̂ represents the mask extracted from HI that ex-
cludes the regions to be transferred. The overall texture loss
functions are calculated as follows:

Ltex = λtex
SDSLtex

SDS + λreconLrecon, (12)

where λ{recon,SDS(tex)} denotes the weights used to bal-
ance the texture losses.

Experiment
Implementation Details. We train both Ωg and Ωc for 100
iterations with one GeForce RTX 2080 Ti GPU. During the
geometry optimization stage, we set λPSL, λnorm, and λlap

to 10,000, and set λnorm
SDS to 1. During the texture optimiza-

tion stage, we set λrecon and λtex
SDS to 10,000 and 1, respec-

tively.

Datasets. Our method does not require paired human and
clothing images for training. We select 12 full-body, front-
facing human images of different individuals from the Deep-
Fashion dataset (Shen et al. 2021). For each human im-
age, we choose two garment templates from the VITON-
HD dataset (Choi et al. 2021), covering various types such
as tank tops, short sleeves, and long sleeves. Descriptive text
prompts for both the human and garment images are gen-
erated using ChatGPT-4o. More details are provided in the
supplementary material.

Baselines. To demonstrate the effectiveness of our pro-
posed IPVTON, we conduct a comparative analysis with the
following baseline methods. 1) TEXTure (Richardson et al.
2023) generates and edits the texture of 3D objects based
on text prompts. 2) TeCH (Huang et al. 2024c) leverages
SDS loss with fine-tuned DreamBooth (Ruiz et al. 2023) for
text-guided 3D human reconstruction. 3) IPDreamer (Zeng
et al. 2023) utilizes IP-Adapter to control both the geometry
and appearance of 3D objects. Since TEXTure can generate
textures but not geometry, we downsample the 3D human
model generated by TeCH for faster UV unwrapping with an
atlas, using it as the target for texture generation. To ensure
a fair comparison, we apply the mask m̂ to the reconstruc-
tion loss used in TeCH, so that only the texture of the try-on
regions is affected.
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Human Image Garment Image TEXTure TeCH

A woman wears a black sleeveless crop top and a high-waisted orange pencil skirt. She also wears black ankle boots and has long wavy brown hair

IPDreamer Ours

A woman wears a lavender short-sleeved crop top and black ripped pants. She also wears a black wide-brimmed hat and black ankle boots. 
She has long wavy brown hair

A woman wears a red and black plaid long-sleeved shirt and blue skinny jeans. She also wears black flats and has  long wavy blonde hair.

A woman wears an orange short-sleeved top and dark blue denim shorts. She also wears white sneakers and has long wavy brown hair

Figure 4: Qualitative comparisons. Our IPVTON is able to generate realistic 3D try-on results with high-quality textures,
viewable from multiple angles.

Qualitative Comparison. As shown in Fig. 4, TEXTure
struggles to generate accurate garment textures and correctly
position them on the body according to the target prompt.
While TeCH can produce try-on results, it faces challenges
in reshaping the human body to match the desired garment
shapes. IPDreamer, by leveraging IP-Adapter, captures gar-
ment features effectively, accurately reflecting the garment’s
color, length, and style. However, this method, designed for
general 3D objects, results in a coarse human appearance
and fails to distinguish between the front and back of the per-
son. In contrast, our IPVTON generates realistic 3D try-on
results that capture the desired garment shapes and textures
while preserving the source identity in non-try-on areas.

Quantitative Comparison. We employ CLIP (Radford
et al. 2021) metrics to quantitatively evaluate the faithful-
ness of the generated 3D try-on results to the target text

prompts. We select 8 sets of human images with differ-
ent identities, each paired with a garment template distinct
from the clothing worn by the individuals. For each gen-
erated 3D model, we render images from six uniformly
sampled angles. CLIP scores are computed by comparing
the CLIP embeddings of these images with the target text
prompt embeddings. To evaluate geometry faithfulness, we
remove texture-related words from the target text prompt
and prepend ‘the normalmap of‘. As shown in Tab. 1,
our method achieves the best scores for both geometry and
texture faithfulness. We also conduct a user study to further
evaluate our method. Using 8 sets of 3D try-on results gen-
erated by four methods, we invite 15 volunteers to rank each
set according to their preferences for geometry and texture.
For each set, users are presented with the source human im-
age, the garment image, and the target text prompt. Partic-
ipants rank the results separately for geometry and texture
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Human Image Garment Image w/o IPA w/o  mIPA w/  mIPA w/  PSL w/  mIPA + PSL

Figure 5: Ablation study for geometry optimization. ‘mIPA‘ denotes mask-guided image prompt embeddings.

Methods CLIP ↑ User ↑
Geo-Faith Tex-Faith Geometry Texture

TEXTure 30.85 28.31 2.34 1.53
TeCH 31.41 32.34 2.55 2.6
IPDreamer 28.53 30.49 2.28 1.86
IPVTON 31.77 33.60 2.63 3.52

Table 1: Quantitative evaluation of the results obtained from
different methods. ‘Geo-Faith‘ and ‘Tex-Faith‘ respec-
tively denote the geometry and texture faithfulness. The best
scores are highlighted in bold.

on a scale from 4 (highest) to 1 (lowest), without repeating
scores. The final report presents the average scores across all
sets. As shown in Table 1, our method achieves the highest
human preference in both geometry and texture.

Ablation Study. As shown in Fig. 5, the geometry of the
human model generated without using the image prompt
adapter retains the geometry of the source human image
but fails to reflect the desired garment shapes. In the sec-
ond column, using global image prompt embeddings allows
the body shape to adopt the garment’s contours, but this also
affects other parts, leading to a blurred face. In comparison,
mask-guided image prompt embeddings preserve the source
body shapes with sharp details, even though the garment
shapes are not fully realized. Note that the results in the third
column differ from those in the first because the third col-
umn includes garment features like the collar. Relying solely
on PSL can cause noisy seams and inaccurate shapes, as
seen in the back views of the fourth column, due to potential
inaccuracies in the generated pseudo silhouette. Combining
mask-guided image prompt embeddings with PSL supervi-
sion, IPVTON accurately generates the desired garment con-
tours while maintaining well-defined human body shapes.
As shown in Fig. 6, when texture is generated solely from
text prompts, the resulting texture corresponds to the text
prompt but deviates from the garment image. For instance,
in the first row of the first column, the lavender crop top
generated without using the image prompt adapter is slightly

Human Image Garment Image w/o IPA Full model w/o  mIPA Full model

Figure 6: Ablation study for texture optimization.
‘mIPA‘ denotes mask-guided image prompt embeddings.

darker than the garment image. In the second column, when
only the top is meant to be changed, the pants and hair are
also affected if image prompt embeddings are used without
mask guidance.

Limitation
Reconstructing an extremely loose target garment may fail,
likely due to inherent limitations of the SMPL-X initializa-
tion. Additionally, since we use a pre-trained image prompt
adapter designed for high-level semantic features, the result-
ing features may not accurately capture the garment’s com-
plex patterns or logos. More details are provided in the sup-
plementary material.

Conclusion
We propose an image-based 3D virtual try-on framework
that optimizes 3D models by integrating garment features
via a customized diffusion model with an image prompt
adapter. Mask-guided prompt embeddings focus on try-on
regions, minimizing interference. A pseudo silhouette loss
constrains the 3D geometry, shaping the human form with
the desired garment and source identity.
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