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Figure 1. Virtual try-on results generated by UP-VTON. All samples are produced by a single model trained exclusively on the VITON-HD

[3] and DressCode [21] datasets. Results on wild (in-the-wild) data are obtained using the model trained solely on the DressCode dataset.

All results are generated using a single unified model, which consistently produces high-quality outputs irrespective of the presence or

absence of a mask. Furthermore, we demonstrate the model’s capability for controllable style generation via prompt-based conditioning.
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Abstract

Image-based virtual try-on (VTON) aims to synthesize real-
istic images of a person wearing a target garment. While
recent advances in image generation have improved visual
quality, existing methods are typically categorized as either
mask-based or mask-free. Mask-based approaches rely on
clothing masks to localize garment regions but often cause
artifacts and identity distortion. Mask-free methods elimi-
nate this dependency but can suffer from hallucinations and
poor garment-person alignment.

We argue that users should be able to control the use and
extent of garment masks, as rigid assumptions hinder flexi-
bility and fine-grained editing. Moreover, many prior works
require additional modalities—such as keypoints or Dense-
Pose—which complicate the pipeline and increase annota-
tion costs.

To overcome these limitations, we propose UP-VTON,
a unified virtual try-on framework that performs robustly
with or without garment masks and supports prompt-based
controllable generation. Our approach introduces triptych
prompting, a hybrid inpainting strategy guided by refer-
ence images, text prompts, and visual cues. Without masks,
the model generates from scratch using full-image masking
while allowing flexible region control to reflect user intent.

We also construct a diverse dataset without requiring
segmentation or pose annotations and employ prompts from
a large multimodal model to guide garment fit and style. Ex-
perimental results demonstrate that UP-VTON outperforms
existing methods in flexibility, controllability, and visual re-
alism, enabling high-fidelity and modality-free try-on syn-
thesis.

1. Introduction
The primary objective of image-based virtual try-on

(VTON) is to seamlessly and realistically overlay a given

clothing image onto a target person image such that the re-

sulting image retains both the visual features of the person

and the specific details of the garment. Traditional VTON

approaches [3, 7, 11, 12, 16, 31, 36, 38] typically involve

two main stages: transforming the clothing image to align

with the target’s pose and body shape, and synthesizing the

transformed clothing onto the person image. These meth-

ods rely on paired datasets consisting of garment and corre-

sponding person images. A warping network learns the se-

mantic correspondence between the garment and the body,

followed by a generator that integrates the warped garment

with the person image.

Despite the progress made by these methods, several

limitations remain. In particular, current VTON methods

[3, 8, 16, 36] often struggle to synthesize realistic try-on

images in scenarios involving complex backgrounds or dy-

namic poses, due to the difficulty of collecting matched

datasets across diverse environments. Moreover, traditional

approaches [19, 40] frequently produce unrealistic outputs

such as misaligned garments or visual artifacts, especially

when the garment styles or poses deviate significantly from

those in the training data. To overcome these challenges,

recent works [4, 5, 8, 13, 22, 32, 33, 37, 43] have lever-

aged large-scale pre-trained diffusion models [27], which

are known for their powerful capabilities in generating high-

fidelity and high-resolution images. Originally developed

for realistic human image synthesis, diffusion models have

shown promising potential in virtual try-on tasks. Some

diffusion-based methods [4, 13, 33, 37] incorporate archi-

tectures such as ReferenceNet and utilize denoising Unets

combined with attention mechanisms to enhance the inter-

action between garment and person features. These ap-

proaches offer more robust and adaptive solutions that over-

come the limitations of traditional pipelines.

Additionally, models such as Any2AnyTryon [9] and

CatVTON [5] have further extended the capabilities of

diffusion-based VTON. Any2AnyTryon supports flexible,

prompt-driven virtual try-on synthesis based on text in-

structions and model garment images, even without masks,

poses, or segmentation. CatVTON proposes a simpler

mechanism that removes prompt inputs from the virtual try-

on pipeline and utilizes a straightforward spatial concate-

nation strategy to combine garment and human features,

achieving high-quality results with a more minimal struc-

ture.

However, existing methods fail to flexibly integrate both

the presence and absence of masks and prompts, often re-

lying on additional inputs such as keypoints, or requir-

ing separately trained models for different input configura-

tions—thereby limiting their flexibility and scalability. To

overcome this limitation, we propose UP-VTON, a unified

framework trained on a custom-built dataset. UP-VTON

enables the synthesis of high-quality try-on results between

a reference garment image and a target person image, while

supporting a wide range of control modes—including both

mask-based and text-guided editing.

Our approach leverages the multimodal attention mech-

anism of the Diffusion Transformer (DiT) [24] to jointly

model semantic relationships among text descriptions, bi-

nary masks, and image patches. This design allows for flex-

ible and effective conditioning in image editing tasks, re-

gardless of whether the input guidance is textual or spatial.

In addition, we introduce an in-context editing mecha-

nism that interprets the reference garment not as a static in-

put but as a form of contextual content. This enables mean-

ingful interaction between the garment and its surrounding

visual scene, allowing the model to capture inherent corre-

lations implicitly. Consequently, UP-VTON preserves the

identity of the target person and seamlessly blends the in-
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serted garment into the output image.

To implement this, we design a prompting strategy called

Triptych Prompting, inspired by the classical art format

consisting of three panels. In our method, the left panel con-

tains the reference garment image, the center panel presents

the target model image, and the right panel—defined by a

binary mask—is the region to be completed via inpainting.

A text prompt is provided alongside this triptych, describing

the intended styling and scene context.

Finally, the right panel is generated through a text-

and image-conditioned inpainting process, guided by pre-

trained encoders. This process enables UP-VTON to gener-

ate coherent and realistic try-on results that reflect both the

garment’s visual identity and the user-defined context.

We evaluate our proposed model on two benchmark

datasets: VITON-HD [3] and upper body in DressCode

[21]. Experimental results consistently show that our

method achieves state-of-the-art performance across a wide

range of virtual try-on scenarios. Notably, as illustrated

in Figure 1, the model also performs well on in-the-wild

images, despite being trained exclusively on benchmark

datasets. In summary, our main contributions are as fol-

lows.

• We propose UP-VTON, a unified DiT-based architecture

for virtual try-on that operates on the target and garment

images alone, while supporting both mask-agnostic con-

trol and prompt-based conditioning.

• To preserve garment fidelity and subject identity, we in-

troduce Triptych Prompting, an in-context editing strat-

egy that integrates reference garments into target images

in a context-aware manner.

2. Related Work
2.1. Diffusion Transformer
Diffusion Transformer (DiT) [24] is a recently proposed ar-

chitecture that incorporates transformer-based designs into

diffusion models for image generation tasks. While conven-

tional diffusion models typically rely on U-Net backbones

[28], DiT replaces the convolutional hierarchy with a fully

transformer-based structure, inspired by the success of Vi-

sion Transformers (ViT) [6] in image understanding.

Unlike convolutional backbones that primarily capture

local spatial patterns, the self-attention mechanism in DiT

enables modeling of global contextual dependencies across

the entire image. This makes DiT particularly effective in

tasks requiring long-range reasoning, such as layout con-

sistency, cross-object relationships, and multi-modal align-

ment (e.g., between text and image).

Within diffusion models, DiT operates by replacing the

denoising U-Net with a transformer module that takes as

input a sequence of image tokens and time-step embed-

dings. Conditioning signals—such as class labels, text em-

beddings, or image guidance—can be incorporated through

cross-attention layers. Recent studies have shown that

DiT outperforms U-Net-based diffusion models on class-

conditional image generation benchmarks such as Ima-

geNet, while also providing greater architectural flexibility.

Owing to its strong capacity for cross-modal attention

and semantic alignment, DiT has been recently applied to

multimodal generation tasks including text-to-image syn-

thesis, image editing, and object insertion.

2.2. Virtual Try-On
Image-based virtual try-on (VTON) aims to synthesize re-

alistic images of a target person wearing a given gar-

ment, while preserving the person’s identity and main-

taining visual coherence. Traditional GAN-based methods

[7, 11, 31, 36] typically adopt a two-stage pipeline: first,

a warping module deforms the garment to fit the target’s

pose and body shape; then, a GAN-based generator merges

the warped garment into the person’s image. For instance,

CP-VTON [31] separates the warping and generation pro-

cesses to enable stage-specific optimization, while PF-AFN

[7] employs knowledge distillation and appearance flow

constraints to enhance synthesis quality. GP-VTON [36]

further improves garment-person consistency by combining

local flow-based warping with global human parsing. De-

spite their effectiveness, these approaches depend heavily

on warping accuracy and often struggle to generalize to di-

verse poses and complex backgrounds.

Recently, diffusion models have emerged as powerful al-

ternatives for high-fidelity conditional image synthesis, of-

fering improved generalization and detail preservation over

GAN-based approaches. TryOnDiffusion [43] uses dual

U-Net backbones to simultaneously process garment, per-

son, and pose features, producing high-quality results at the

cost of higher computation. Hybrid methods such as DCI-

VTON [8] and LaDI-VTON [22] combine diffusion with

GAN components to balance quality and efficiency. DCI-

VTON conditions a pre-trained diffusion model on garment

features via a warping network, whereas LaDI-VTON uses

CLIP-based garment embeddings to guide latent diffusion.

Efforts to adapt diffusion models specifically for VTON

have yielded several innovations. StableVITON [13] in-

troduces a zero cross-attention block to model semantic

alignment between garment and person features. MMTryon

[42] extends flexibility through multimodal conditioning

and multi-reference garment inputs. OOTDiffusion [37] en-

codes garment labels using CLIP [25] to enable fine-grained

control over different body regions. IDM-VTON [4] in-

corporates a ReferenceNet and image encoder to enhance

garment-person alignment.

A notable advancement in recent VTON research is

in-context editing, where the reference garment is treated

as part of the semantic and spatial context of the tar-
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Figure 2. Overview of the synthetic data generation pipeline. Given an input person image, Florence2 [35] generates an initial image

caption. The garment-related components of the caption are then rewritten or diversified using GPT-4o [1] to produce three semantically

varied prompts. These text prompts are subsequently used to guide inpainting in the synthetic dataset construction process.

get image rather than as a separate entity. Methods like

Any2AnyTryon [9] and CatVTON [5] adopt this paradigm

by enabling implicit garment-person interaction during gen-

eration. However, both have limitations.

Any2AnyTryon, while offering flexibility through mask-

free synthesis and text prompts, conditions generation on

the entire image without explicit spatial segmentation. As

a result, it often fails to preserve fine-grained identity cues

such as facial structure, hairstyle, and pose alignment, lim-

iting its use in scenarios where identity preservation is cru-

cial.

On the other hand, CatVTON improves garment-person

alignment via attention mechanisms but requires separately

trained models for masked and mask-free settings, lack-

ing a unified framework. Additionally, it does not support

prompt-based control, preventing users from editing fit or

style via textual instructions (e.g., ”loose fit”, ”crop top”),

thereby limiting interactivity and flexibility.

In contrast, our proposed framework, UP-VTON, inte-

grates these capabilities by supporting both masked and

mask-free input conditions, while also enabling semantic

garment editing via textual prompts. Built on a single DiT-

based architecture, UP-VTON employs triptych prompting

and in-context learning to achieve identity-preserving, high-

fidelity virtual try-on across diverse input configurations.

3. Method
3.1. Preliminary
FLUX.1 [15] is a state-of-the-art text-to-image generation

model that combines the Flow Matching framework [18]

with the Diffusion Transformer (DiT) architecture [24]. It

has gained significant attention due to its strong capabilities

in prompt interpretation, natural language grounding, and

high-fidelity image synthesis.

FLUX.1 employs Rotary Positional Embedding (RoPE)

[30] to capture relative positional information within latent

representations. This enables the model to effectively learn

spatial relationships and is essential for high-resolution im-

age generation.

The Flow Matching component aligns the probabilistic

flow from the noise distribution to the data distribution by

learning a time-evolving velocity field. The training objec-

tive, known as conditional flow matching loss, is defined

as:

LCFM = Et,pt(z|ε),p(ε)
[
|vΘ(z, t)− ut(z|ε)|2

]
. (1)

where vΘ(z, t) represents the velocity field parameterized

by the neural network, while ut(z|ε) denotes the target con-

ditional vector field derived from the noise ε. The expec-

tation is taken over the diffusion timestep t, noisy sample
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Figure 3. Overview of the UP-VTON model framework. The unified framework processes a triptych input—comprising a reference

garment image, a source person image, and a corresponding mask—through a frozen VAE encoder. Semantic guidance is extracted from

the garment image and text prompt via image and text encoders, then fused and passed to trainable DiT transformer blocks. The mask

input can either represent the garment region or the entire image, enabling in-context learning for accurate and flexible virtual try-on with

both mask-based and text-based prompts.

z, and base noise ε, ensuring that the model learns globally

consistent generative trajectories across different noise con-

ditions. Our method builds upon FLUX.1-Fill-Dev, an de-

velopment version of inpainting-specialized variant derived

from the FLUX.1 model.

3.2. Synthetic Dataset
We adopt a unified architecture that flexibly supports

garment-region masks during virtual try-on. To ensure ro-

bustness in mask-free scenarios, we augment the training

data with a synthetic dataset specifically designed for un-

masked inputs.

To construct this dataset, we use DensePose [10] and

SCHP [17] to generate garment segmentation masks from

dressed person images. These masks are then used in an in-

painting pipeline powered by FLUX.1-Fill-Dev, which syn-

thesizes new images by removing and reconstructing cloth-

ing regions.

To guide the inpainting, we generate textual prompts via

a two-step process (as illustrated in Figure 2): (1) Florence2

[35] is used to generate image captions from the original im-

ages. (2) The garment-related segments are then rewritten

or diversified using GPT-4o [1] to create three distinct cap-

tion variants per image. These are used as prompts during

inpainting.

This augmentation increases the dataset size fourfold and

prepares the model to handle mask-free conditions effec-

tively.

To support controllable garment fitting, we extract

”fit” descriptions from the augmented captions. Using

GPT-4o, we isolate and simplify these descriptions into

concise expressions, denoted as {fit expression}. Each

{fit expression} is embedded into a templated prompt of the

form:

”This is a triptych image composed of three connected

images: the left panel shows a garment image, the center

shows a person image, and the right panel shows the person

wearing the garment image, {fit expression}.”

3.3. UP-VTON
As illustrated in Figure 3, our UP-VTON model performs

virtual try-on using three inputs: a reference garment im-

age, a target person image, and a control prompt (which

includes a mask and a text instruction). The goal is to gen-

erate an output image in which the garment is seamlessly

transferred to the target person, while preserving the iden-

tity and satisfying the prompt conditions.

The model employs a triptych-based in-context editing

framework, arranging the inputs into three panels:

Itriptych = [seg(Iref); Isyn; I
masked
src ]. (2)

Let seg(·) denote the garment segmentation process. To iso-

late the garment region, we apply Grounding-DINO [23]

and SAM [14] to remove background elements from Iref.

Here, [, ; , ] denotes the channel-wise concatenation opera-

tor. Iref is the reference garment image, Isyn is a synthetic

person image derived from the source image Isrc, and Imasked
src

represents the masked person image used for inpainting. If

no garment mask is provided, this third panel is substituted

with an all-zero image.

We construct a binary mask:

Mtriptych = [0h×w; 0h×w; Mh×w], (3)
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Figure 4. Qualitative comparison on a DressCode [21] dataset. These results are obtained without using any mask input in our model.

where 0h×w corresponds to the reference and source panels,

and M is the garment-region mask. If the mask is unavail-

able, M is set to all ones to allow free-form generation. This

mechanism enables flexible control over the use of masks at

both training and inference time.

Semantic features are extracted from the reference image

using a CLIP image encoder and fused with text prompt

embeddings obtained from a T5-based [26] text encoder for

enhanced language understanding.:

C = [EI(Iref);ET (prompt)], (4)

where EI and ET denote the image and text encoders, re-

spectively.The resulting multimodal embedding C is in-

jected into the text branch of the DiT architecture, en-

abling unified conditioning across visual and textual do-

mains while preserving identity and enhancing controllabil-

ity. The conditional input for training is structured as:

X = [x; concat[Itriptych,Mtriptych];C], (5)

and the conditional flow matching loss becomes:

LCFM = Et,pt(z|ε),p(ε)
[
|vΘ(X, t)− ut(z|ε)|2

]
, (6)

where concat denotes channel-wise concatenation.

4. Experiment
Our method is based on FLUX.1-Fill-Dev, a publicly re-

leased development version of the DiT-based inpainting
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Method Extra Input

VITON-HD DressCode ( Upper Body )

Paired Unpaired Paired Unpaired

FID↓ KID↓ SSIM↑ LPIPS↓ FID↓ KID↓ FID↓ KID↓ SSIM↑ LPIPS↓ FID↓ KID↓

DCI-VTON [8] M,D,P 9.401 4.5474 0.8612 0.0605 12.5192 5.2497 - - - - - -

LADI-VTON [22] M,K 11.3607 7.254 0.8644 0.0732 14.6293 8.7418 - - - - - -

StableVITON [13] M,D 6.4071 0.9436 0.8563 0.0905 11.0347 3.9118 - - - - - -

IDM-VTON [4] M,D 5.7752 0.7319 0.8464 0.0603 9.8703 1.121 7.5249 1.1223 0.9298 0.0368 11.7389 1.6249

OOTDiffusion [37] M 9.3211 4.0963 0.8207 0.0874 12.3838 4.6797 9.4124 1.0326 0.9078 0.0512 14.5650 2.5646

CatVTON [5] M 5.4417 0.4306 0.8700 0.0575 9.0319 1.0907 9.4052 2.2195 0.9177 0.0559 13.6483 3.2863

Any2AnyTryOn [9] - 6.9340 0.7387 0.8387 0.0877 8.9650 0.981 13.9546 6.0374 0.9092 0.0758 15.2549 6.8829

Ours (w/o M) - 5.8801 0.7467 0.8414 0.0648 7.9875 0.6912 7.6663 1.1195 0.9098 0.0403 12.8535 2.1122

Ours (w/ M) M 5.2597 0.4206 0.8882 0.0564 8.6822 0.7375 7.4621 1.1195 0.9439 0.0349 13.2017 2.1638

Table 1. Quantitative comparison on VITON-HD and DressCode (Upper Body) under both paired and unpaired settings. Our method

shows competitive or superior performance without requiring extra inputs beyond image and prompt. In the ”Extra Input” column, M

denotes mask input. And D denotes dense pose map, P denotes parsing map, and K denotes keypoints of person. The highest-performing

result is highlighted in bold, and the second-best is marked with an underline for clarity.

Setting FID ↓ KID ↓ SSIM ↑ LPIPS ↓
w/o synthetic data 6.7501 0.9110 0.8132 0.0916

w/o triptych 6.3080 0.7088 0.7293 0.1458

full 5.8801 0.7467 0.8414 0.0648

Table 2. Ablation study on the proposed components.

model from FLUX.1 [15]. We use the SigLIP [39] image

encoder and T5 [26] text encoder. All images are resized

to a resolution of 832×624 (height × width) for training.

Throughout all training stages, we adopt the Prodigy [20]

optimizer with a weight decay of 0.01 for training trans-

former blocks.

For training data, we utilize the VITON-HD [3] dataset

and the Upper Body subset of DressCode [21]. For both

datasets, we generate three times the amount of synthetic

data using the method described in Section 3.2, which is

used to enhance the training corpus. When constructing the

input triptych, we apply a 0.5 probability of using the cloth-

ing region mask. If the clothing region mask is not used, the

entire third panel of the triptych is fully masked.

4.1. Qualitative Results

Figure 4 shows qualitative comparisons on the DressCode

[21] dataset against four recent state-of-the-art methods. As

seen in the figure, our model exhibits clear advantages in

handling complex textures, producing noticeably fewer ar-

tifacts, better preservation of logos and patterns, and re-

duced loss of fine details. In addition, non-garment regions

such as the background and hand shapes are rendered more

faithfully, preserving the identity of the source image. As

demonstrated in the first row, our method naturally synthe-

sizes garments with intricate structures, such as lace hems.

Furthermore, as shown in the fourth row, it successfully

handles garments with uncommon and challenging shapes,

generating high-quality try-on results.

4.2. Quantitative Results

For quantitative evaluation, we use SSIM [34] and LPIPS

[41] in paired settings and FID [29] and KID [2] scores for

both paired and unpaired settings to assess realism. Table

1 shows the results of UP-VTON and comparative meth-

ods on a single-dataset setup. UP-VTON outperforms all

methods across unpaired settings ranked second or higher

in paired. Additionally, IDM-VTON [4] and CatVTON

[5] also exhibit strong performance. Notably, IDM-VTON

demonstrates that the use of additional dense pose informa-

tion can aid in compensating for unreasonable mask arti-

facts in certain input images.

4.3. Ablation study

To evaluate the effects of the proposed components, we con-

ducted an ablation study using the VITON-HD [3] dataset.

Table 2 presents quantitative results as each component was

incrementally introduced. This experiment was conducted

primarily using mask-free inputs. First, we observed a sig-

nificant performance drop when training the model without

augmented data. As discussed in Section 3.2, this result in-

dicates that in the absence of a mask, the influence of the

source model becomes overly dominant, hindering the ef-

fective incorporation of reference garments. Thus, incor-

porating augmented data helps mitigate this imbalance and

enables the training of a more scalable and generalizable

model. Second, we compared the performance without us-

ing the triptych input. In this case, the model used a diptych

input, where the reference garment image was processed

only through the image encoder. This approach failed to

capture fine-grained details of the garment—such as logos

or complex patterns—resulting in noticeable performance

degradation.
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5. Conclusion
The proposed UP-VTON framework represents a signifi-

cant advancement in virtual try-on by introducing a unified,

mask-agnostic solution capable of handling a wide range

of scenarios. By leveraging innovative techniques such as

synthetic dataset augmentation and a triptych input design,

the method effectively enhances the quality of virtual gar-

ment generation. Extensive experiments demonstrate the

effectiveness of UP-VTON, highlighting its superior flexi-

bility in accommodating user inputs and its ability to control

the presence or absence of mask guidance. The framework

consistently generates high-fidelity and realistic try-on re-

sults across various conditions. Overall, UP-VTON offers

strong flexibility, scalability, and generalization capability,

marking an important step forward for both research and

real-world applications in the field of virtual try-on.
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