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Abstract

We introduce RefTon, a flux-based person-to-person vir-
tual try-on framework that enhances garment realism
through unpaired visual references. Unlike conventional
approaches that rely on complex auxiliary inputs such
as body parsing and warped mask or require finely de-
signed extract branches to process various input conditions,
RefTon streamlines the process by directly generating try-
on results from a source image and a target garment, with-
out the need for structural guidance or auxiliary compo-
nents to handle diverse inputs. Moreover, inspired by hu-
man clothing selection behavior, RefTon leverages addi-
tional reference images (the target garment worn on dif-
ferent individuals) to provide powerful guidance for refin-
ing texture alignment and maintaining the garment details.
To enable this capability, we built a dataset containing un-
paired reference images for training. Extensive experiments
on public benchmarks demonstrate that RefTon achieves
competitive or superior performance compared to state-of-
the-art methods, while maintaining a simple and efficient
person-to-person design. Code and dataset is available at:
https://github.com/360CVGroup/RefTon.

1. Introduction
The Virtual Try-On (ViTON) model aims to generate
photo-realistic images of a person wearing target clothing, a
tool crucial for applications in online retail and personalized
fashion systems. ViTON methods are broadly categorized
into Generative Adversarial Networks (GANs) [20] and
Diffusion Models [27, 49]. Early ViTON research relied on
GANs [8, 24, 57], which typically employed warping mod-
ules to deform clothing for alignment with the human body,
followed by fusion to achieve visual harmony. However,
GAN-based approaches frequently generate unrealistic arti-
facts, particularly when dealing with complex clothing tex-
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Figure 1. Effect of reference images in virtual try-on. From
left to right: inputs (agnostic, cloth, reference), results without
reference images, results with reference images, and ground truth.
Using reference images in both training and inference improves
visual fidelity and preserves fine details (e.g., transparent materials
and lace collars). Zoom in for a better comparison.

tures or challenging human poses. Recently, methods based
on latent diffusion models (LDMs) [5, 60] have gained trac-
tion, significantly enhancing clothing warping and address-
ing structural arrangement and texture preservation during
denoising [9, 30, 61, 68]. Despite these advances, cur-
rent diffusion-based ViTON technologies still generally rely
on extensive auxiliary conditions, such as clothing region
masks, garment masks, human poses, key points, or multi-
modal inputs like text prompts [10, 11, 31, 60, 62].

Despite the remarkable progress of prior virtual try-on
approaches, they are still constrained by two critical limi-
tations that hinder the authenticity of the try-on results and
broader applicability: First, these approaches rely on multi-
ple external models and internal modules, such as pose esti-
mators [3, 4, 22, 55, 58], human parse models [15, 37], seg-
mentation models [34, 48], to process different conditions,
which compromises the practicality. To process diverse
inputs, additional modules are integrated into the model,
which consequently increases the overall framework com-
plexity. Moreover, in practical applications, the quality of
conditional inputs—such as the cloth mask—has a substan-
tial impact on the quality of the final try-on results; Second,
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many aspects of clothing, such as style, texture, and detailed
design, cannot be fully perceived from the garment image
alone; instead, it is more important to consider the overall
appearance when a model wears the garment. Therefore, in
real-world try-on scenarios, such as online shopping, users
are typically more interested in model images rather than
the garment itself. They tend to see how the target garment
looks when worn on a real person, rather than relying solely
on the isolated garment image as a reference. For example,
as illustrated in Fig. 1, at the garment in the first row, it is
difficult to tell whether it is a green translucent fabric or a
light green opaque one, whereas the reference image clearly
reveals its green translucent material. We cannot accurately
identify transparent materials or intricate designs, such as
lace collars, solely from cloth images. In contrast, the refer-
ence images of human models wearing the garments reveal
such details. However, existing virtual try-on methods do
not support such references due to the lack of corresponding
reference data in public datasets [8, 17, 26, 43, 44, 51, 66].

Based on the above observation, we propose RefTon, a
flux-based person-to-person virtual try-on framework that
achieves strong performance without relying on any exter-
nal models or auxiliary components, while being further en-
hanced by additional reference images that offer more accu-
rate and context-aware guidance for the try-on model. First,
to ensure the best performance, we adopt the powerful im-
age editing model Flux-kontext as our base and apply adap-
tation on its position index for RoPE [54] to make it suitable
for multi-condition/resolution virtual try-on inputs. Similar
to [10], RefTon eliminates the need for auxiliary inputs such
as segmentation masks using a two-stage training strategy,
allowing for simple inference with only a source image and
the target garment as inputs. Second, we introduce the use
of images of a different person clothed in the target gar-
ment as the visual references, like the model images in on-
line shopping, which better reflect users’ real-world behav-
ior when choosing clothes and enable the preservation of
fine garment details that existing methods cannot achieve.
To achieve these objectives, we propose a reference data
generation pipeline, by which we construct a dataset with
supplementary reference images and use unpaired person-
cloth samples to train our own model to utilize reference
images as additional visual guidance. These improvements
empower RefTon to achieve both a simplified model struc-
ture and a streamlined inference process, while simultane-
ously delivering superior generation results.

In summary, the main contributions are as follows:
• We propose incorporating additional reference images

into the virtual try-on pipeline. This significantly en-
hances the authenticity and visual quality of the try-on
results, achieving State-of-the-Art performance in pre-
serving fine garment design details.

• We designed a reference data generation framework

to create the necessary reference images for both the
clothing and target ground truth samples. Based on this
pipeline, we built the VFR dataset upon existing bench-
marks (e.g., VITON-HD, DressCode, ViViD), providing
a robust new resource to improve the practicality and eval-
uation of virtual try-on models.

• We present an adaptation of the Flux-Kontext I2I model
with a modified Rescaled Position Indexing mechanism to
support flexible multi-conditional and multi-resolution
inputs, along with a two-stage training strategy for vir-
tual try-on. Our framework enables integration of vary-
ing numbers and types of reference images and effec-
tively supports mask-based and person-to-person try-on
within a single model. It achieves state-of-the-art per-
formance and demonstrates strong generalization to in-
the-wild person–clothing scenarios.

2. Related Works

2.1. Generative Model via Flow Matching
Generative modeling has rapidly progressed with diffu-
sion models (DMs) [52], score-based generative models
(SGMs) [53], and flow-based methods. Recent work has
explored controllable generation, layout-conditioned syn-
thesis, unified planning-generation frameworks [7, 25], as
well as diffusion transformer variants for multilingual gen-
eration, efficient sampling, and fine-grained control [19,
39, 40, 42]. Flow-based methods [13, 14, 32] have been
further advanced to address the inefficiency of continuous
normalizing flows (CNFs), which require costly backprop-
agation through ODE solvers during training [6]. Flow
Matching (FM) [38] mitigates this limitation by learning a
time-dependent vector field that deterministically transports
a simple before the data distribution, using a simulation-
free objective that avoids numerical integration during train-
ing. By directly parameterizing the probability flow, FM
achieves competitive or superior sample quality compared
to diffusion models with significantly fewer sampling steps.
Our method builds upon the Flux-Kontext architecture,
where input images are encoded into latent representations,
flattened into sequences, and concatenated with Gaussian
noise ϵ. It is also closely related to recent FLUX-based ap-
pearance editing and transfer approaches [67].

2.2. Diffusion-based Virtual Try-on
Diffusion models [27, 49] have enabled significant progress
in garment or makeup transfer [8, 30, 67, 68]. Leverag-
ing the flexibility of Stable Diffusion [30, 45], prior works
exploit text guidance and inpainting for garment synthesis.
Extensions such as DiffusionCLIP [29] introduce semantic
control via CLIP, while methods like DCI-VTON [21] and
IDM-VTON [8] adopt two-stage pipelines to align and fuse
garments, improving structural consistency.
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Recent approaches, including CatVTON [10], Omni-
Try [18], Any2AnyTryon [23], and OmniVTON [62], ex-
plore person-to-person try-on without explicit masks. How-
ever, these methods typically rely on additional conditions
(e.g., pose) or fail to unify mask-based and mask-free set-
tings. Moreover, P2P pipelines such as TryOffDiff [56] and
ViTON-GUN [64] adopt a “try-off–then–try-on” strategy,
which introduces error accumulation and loss of garment
details. In contrast, our method directly leverages the refer-
ence image, avoiding the try-off stage and better preserv-
ing garment structure and material fidelity. In summary,
existing diffusion-based virtual try-on methods either rely
on heavy auxiliary annotations or lack support for clothed
reference images. To address these limitations, we pro-
pose RefTON, which adapts the virtual try-on task to the
Flux-Kontext framework, enabling end-to-end, reference-
guided generation while supporting both mask-based in-
painting and mask-free editing.

3. Method
3.1. Preliminary
RefTon is built upon DiT [47], a scalable Transformer archi-
tecture for diffusion-based generation. Images are encoded
into a latent space via an autoencoder [33] and then patched
into tokens [16]. The diffusion process [27] operates on
these tokens, with the Transformer consuming noisy tokens
and predicting their denoised results.

We consider the problem of generating images under the
condition y, which may represent garment images, seman-
tic maps, human pose, or other modality-specific control
signals. Let x denote the latent image representation ob-
tained from a VAE encoder. The goal of Flux.1 [35, 36] is to
approximate the conditional distribution p(x | y) by learn-
ing a time-dependent velocity field v(x,y, t) that transports
a sample from a simple prior N (x;0, I) at t = 0 to the data
distribution pdata(x|y) at t = 1. The dynamics of the condi-
tional probability density p(x|y, t) over time t are governed
by the continuity equation:

∂

∂t
p(x|y, t) = −∇x ·

(
v(x,y, t) · p(x|y, t)

)
,

xt=0 ∼ N (x;0, I), xt=1 ∼ pdata.
(1)

To estimate v(x,y, t), we train a diffusion-transformer
backbone to approximate the neural velocity field vθ using
the conditional flow matching objective [38, 41]:

Lθ = Et,xi,ϵ,yi

[∥∥vθ(x,yi, t)− (xi − ϵ)
∥∥2
2

]
,

x = (1− t)xi + t ϵ,
(2)

where t ∼ U(0, 1), xi ∼ Xtrain, and ϵ ∼ N (0, I). This
training objective encourages the model to learn a velocity
field vθ(x,y, t) that consistently guides the noisy samples
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Figure 2. Overview of our two-stage training strategy. (a) Stage
1 follows mask-based try-on paradigms to generate person images
wearing random garments from masked person inputs, providing
training data for Stage 2. (b) Stage 2 uses these synthesized person
images, along with the target garment and optional reference im-
ages, to train a person-to-person virtual try-on model that directly
fits the target garment onto the person.

toward the data distribution conditioned on y, following the
probability flow ODE starting from the Gaussian prior:

dx = v(x,y, t)dt, (3)

enabling controllable image synthesis at inference time.
In the virtual try-on setting, let xi denote the image of a

person wearing the target cloth, and let yi represent a col-
lection of conditional inputs, including the cloth-agnostic
image ai, the target cloth ci, the visual references ri, and
others. Formally, we write yi = [ai, ci, . . . ]. The objective
is to progressively transform a Gaussian noise sample ϵ into
the target image xi guided by conditions yi.

3.2. Person To Person Virtual Try-on Model with
Two Stage Training

Our goal is to dress the person directly with the target
garment, without relying on auxiliary conditions such as
DensePose [22] or segmentation masks. To achieve this, we
train a diffusion model on clothing-person pairs (ci, p̄i,cj )
to generate the target image pi,ci , where the person wears
the target garment, as shown in Fig. 2(b). This setup re-
quires unpaired triplets [p̄i,cj

, ci,pi,ci
], where cj ̸= ci.

However, existing open-source benchmarks typically pro-
vide only paired data [ci,pi,ci ]. Following the two-stage
training strategy of CATVTON [10], we adopt a similar
pipeline for our try-on model and further exploit richer con-
ditions, including agnostic masks and DensePose, to im-
prove unpaired image generation. Specifically, in the first
stage of RefTon training, we synthesize unpaired person im-
ages p̄i,cj using a mask-based try-on model.

As illustrated in Fig. 2(a), we train a virtual try-on model
using agnostic person images ai, clothing images ci, dense-
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Figure 3. Rescaled three-channel position index. (a) The first
channel encodes conditional inputs, while the second and third
capture spatial positions for varying resolutions. (b) The concate-
nated indices are used to generate RoPE, which is applied to the
latent sequence in the attention mechanism.

pose maps di, warp masks mi as inputs. During infer-
ence, a random unpaired garment cj is selected to gener-
ate the corresponding synthesized person image p̄i,cj . To
ensure the quality of the synthesized person image p̄i,cj ,
the agnostic–cloth pairs [ai, ci] used for training must be-
long to the same garment category (e.g., if ai is from the
“dresses” subset, the selected garment cj should also come
from “dresses” rather than “upper body” or “lower body”).
Otherwise, the generated person image may appear unreal-
istic due to mismatches between the clothing mask region
and the target garment (e.g., fitting a skirt onto the upper
body or a shirt onto the lower body).

After obtaining the unpaired person images, we train the
person-to-person model with either the agnostic image ai or
the generated person image p̄i,cj from the first stage, sam-
pled with equal 50% probability. Instead of training a try-on
model from scratch, we freeze the encoder and decoder of
Flux-kontext [36] and fine-tune only the transformer blocks
using Low-Rank Adaptation [28]. The model is optimized
with the flow-matching objective in equation. 2. In addition,
to help the model capture garment appearance from another
person, we provide an extra reference image ri with a prob-
ability of 25%, as illustrated in Fig. 2(b).

3.3. Multi-input Training and Adaptation

The latent embeddings are concatenated into the sequence
[ϵi,ai, ci] after image encoding in vanilla Flux-kontext, and
an index generator produces a position index of shape [L, 3],
which is further converted into Rotary Position Embeddings
(RoPE) for self-attention. Its first channel is a binary mask
that distinguishes Gaussian noise ϵi from conditional im-
age/text inputs, while the second and third channels encode
horizontal and vertical coordinates, respectively (Fig. 3).
However, this binary design is insufficient for our setting,
where the model must handle multiple heterogeneous im-
age conditions. Therefore, we extend the first channel from

a binary flag to discrete condition labels, allowing the trans-
former to distinguish different input types such as person,
garment, and reference images.

Specifically, our model follows the Flux-kontext to
encode each image condition independently into latent
patches, and concatenates to form a sequence such as
[ai, ci, ri, . . .], which is then concatenated with the noise
latent ϵi along the sequence dimension. For each condi-
tion, we generate an individual three-channel position in-
dex: the first channel indicates the condition identity, and
the second and third channels store integer spatial coor-
dinates rescaled by the resolution ratio between the target
image and the corresponding condition image, which pre-
serves spatial alignment across different resolutions. This
Rescaled Position Index design enables flexible integration
of multi-type and multi-resolution image conditions within
a unified DiT framework. Similar indexing strategies have
been explored in prior work [23], where positional indices
are constructed on a concatenated image canvas, placing
different conditions in a shared spatial layout. In contrast,
our method assigns positional indices to each condition in-
dependently rather than generating them from a pixel-space
concatenated canvas, resulting in a more flexible formula-
tion for multi-resolution inputs. The modified DiT position
indexing scheme is illustrated in Fig. 3.

3.4. Virtual-Tryon Generation with Extra Visual
Reference

For both humans and generative virtual try-on models, gar-
ment images and conditions extracted by external models
alone are insufficient to capture the realistic visual effect of
wearing a target garment, as illustrated in Fig. 1. A gar-
ment’s style, texture, and fine design details are more faith-
fully presented when worn by another person than when
shown in isolation. Therefore, we introduce reference per-
son images ri, in which another person wears the target gar-
ment, to provide more intuitive visual guidance during vir-
tual try-on generation. To obtain such references, we con-
struct pairs of the form [ci, ri], representing ”different per-
sons wearing the target garment.” Since these reference im-
ages ri are unavailable in existing open-source virtual try-
on datasets, we develop a reference data generation pipeline
to synthesize them. This pipeline augments current datasets
with supplementary references and enables model training
with additional visual guidance.

Existing open-source datasets like VITON-HD [8],
DressCode [44], and IGPairs [51], lack unpaired reference
images ri showing different persons wearing the target gar-
ment. To overcome this limitation, we employ editing mod-
els to synthesize such reference images. To serve as accu-
rate and informative visual guidance, the generated refer-
ence data ri should satisfy the following requirements:

• Preserve the target garment faithfully. The target gar-
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Figure 4. Reference image generation pipeline. Given a target image of a European woman wearing the target upper-body garment,
Qwen2.5-VL [1] produces an appearance description (e.g., ”a European woman with brown straight hair”) and an opposite description
(e.g., ”an African woman with curly blonde hair”). In (a), the opposite description is combined with the action and non-target clothing
attributes to form the positive prompt, while the appearance description is used as the negative prompt. In (b), the image and prompts are
fed into Flux-kontext to generate reference images of different individuals wearing the target garment.

ment’s color, texture, and design must remain unchanged
to ensure an accurate reference.

• Introduce diversity in the person’s appearance. The
person wearing the target garment in the reference im-
age should be different from the target person wearing
the same garment. Otherwise, the model may learn short-
cuts and overfit to the target image. This diversity can be
achieved by altering hairstyle, hair color, skin tone, body
pose, or facial expression.

• Vary the non-target garments to provide outfit diver-
sity. While the target garment remains unchanged, other
garments should be modified. For example, if the tar-
get garment is an upper-body item, the reference image
should retain the same upper-body garment while alter-
ing the lower-body clothing, shoes, or accessories.

Since the reference image is edited from the target image
pi,ci

in existing datasets, the first requirement ensures faith-
ful garment preservation, while the second and third pro-
mote diversity in non-target regions to prevent overfitting
and prevent the model from taking the shortcut of directly
copying the target image in the generated try-on results.

As illustrated in the pipeline, we use Flux-kontext [36] to
synthesize reference-person images. Given a target image
and carefully designed text prompts, Flux-kontext generates
images that faithfully preserve the target garment’s color,
texture, and design while varying the wearer’s appearance
and non-target clothing. Specifically, we first feed the tar-
get image and a textual instruction into Qwen2.5-VL [1] to
obtain a detailed description of the person’s appearance, to-
gether with an opposite description. We then collect a set
of non-target garments and action descriptions to introduce
diversity in clothing and pose; examples of these garments
and action items are provided in Appendix A. Finally, we
concatenate the opposite appearance description with the

action and non-target garment descriptions to form the pos-
itive prompt, while the original appearance description is
used as the negative prompt. These prompts are then fed
into Flux-kontext to synthesize the reference images.

We supplement existing virtual try-on benchmarks in-
cluding VITON-HD [24], DressCode [44], ViViD [17],
FashionTryOn [66] and IGPairs [51] by generating corre-
sponding reference pairs for each target garment image ci,
forming data pairs [ci, ri] that are used for both model
training and evaluation.Some open-source datasets, such as
FashionTryOn [66] and IGPairs [51], contain numerous du-
plicated or low-quality samples. We compare the CLIP fea-
tures of images to filter out redundant samples and employ
Qwen2.5-VL to identify distorted or unclear images, as well
as images where the person faces away from the camera,
ensuring overall data quality before generating the final ref-
erence set via our data generation pipeline. Finally, we en-
rich open-source virtual try-on datasets with additional vi-
sual references ri and person images p̄i,cj , and combine
them to form our own dataset, named Virtual Fitting with
Reference (VFR), for training our RefTon model. The de-
tailed data collection, filtering procedures, and visualization
of the samples are provided in Appendix A.

4. Experiments

We mainly evaluate our method on two public benchmarks,
DressCode [44] and VITON-HD [8], both containing im-
ages with a resolution of 1024 × 768. The VITON-HD
comprises 13,670 upper-body image pairs of women, split
into 11,647 pairs for training and 2,032 pairs for testing.
The DressCode includes three subsets—upper body, lower
body, and dresses—with 48,392 training and 5,400 testing
pairs. Since DressCode does not provide wrapped cloth
masks or agnostic images ai, we generate them using the
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mask generation tool from CatVTON [10]. We further con-
ducted experiments on the StreetTryOn [12] and included
comparisons with the methods mentioned to demonstrate
the model’s P2P and in-the-wild capabilities. In the P2P
evaluation, we did not use the cloth-only image as input and
only used the person image as a reference.

During training, we fine-tune our model on the flux-
kontext backbone using the Low-Rank Adaptation (LoRA)
technique, with a rank of 64 and α = 128, optimized
by AdamW. For quantitative evaluation, all generated im-
ages are resized to 512 × 384 to ensure a fair comparison
with previous methods. In a single-dataset experiment, the
model is trained independently for 20,000 steps on VITON-
HD and 48,000 on DressCode with a batch size of 128,
using 8 NVIDIA H100 GPUs. To further enhance gener-
alization and robustness to in-the-wild inputs, we train an
additional model on the mixed VFR dataset introduced in
Sec. 3.4. We report cross-dataset evaluation results of our
RefTon model at a resolution of 1024×768 on both VITON-
HD and DressCode, and demonstrate its in-the-wild perfor-
mance using images collected by ourselves.

4.1. Quantative result

We provide the numerical results of our model on the
VITON-HD and DressCode datasets, distinguishing be-
tween paired and unpaired try-on settings. For paired try-
on settings with ground truth in test datasets, we utilize four
metrics to assess the similarity between the synthesized im-
ages and their corresponding authentic images: the Struc-
tural Similarity Index (SSIM) [46], Learned Perceptual Im-
age Patch Similarity (LPIPS) [65], Fréchet Inception Dis-
tance (FID)[50], and Kernel Inception Distance (KID)[2].
For unpaired settings, where we measure the distributional
similarity between the synthesized and real samples, we
specifically rely on the Fréchet Inception Distance (FID)
and Kernel Inception Distance (KID). As shown in Table 1.

Our method (RefTon) consistently performs better than
prior baselines, demonstrating higher try-on fidelity and
strong alignment with the target person’s pose. With the
addition of reference images (“+R”), the quality and de-
tail consistency of the try-on results are further improved
compared with the results without reference images, estab-
lishing new state-of-the-art results across multiple metrics.
Notably, even in the mask-free setting—without agnostic
masks or auxiliary inputs—our method maintains garment
style correctness and pose consistency, while reaching ac-
curacy on par with or superior to baseline methods, high-
lighting its robustness and practicality.

Table 1 summarizes the quantitative evaluation on the
DressCode dataset. Our method (RefTon) outperforms all
baselines, delivering higher try-on quality and achieving
strong consistency with the target person’s pose and body
structure. Integrating reference images (“+R”) further en-

OOTDiffusionInput GT CatVTON CatV2TON RefTON RefTON+R referenceCAT-DM
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pa
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artifact

artifact
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Figure 5. Qualitative comparison on the VITON-HD dataset. “ref-
erence” denotes using additional reference ri for the inference.

hances the results, establishing a new state-of-the-art. Im-
portantly, even in the mask-free setting—without agnostic
masks or additional inputs—our method correctly preserves
garment styles (e.g., clothing length and design) and main-
tains high pose alignment, while achieving accuracy com-
parable to or surpassing prior baselines, demonstrating ro-
bustness and practicality. Additional quantitative results on
the DressCode subset are provided in Appendix B in detail.

Results in Table 2 show that our method achieves state-
of-the-art performance on the StreetTryOn benchmark. No-
tably, our model is neither trained on the StreetTryOn do-
main nor designed to handle the absence of garment images
during training. These results demonstrate its strong gen-
eralization ability and flexibility, and further confirm that it
can directly extract garment information from the reference
image for virtual try-on.

4.2. Qualitative comparison

Previous methods can fit garments onto a person, but often
fail to preserve wearing-critical attributes such as cut, style,
and fine details. By contrast, our method achieves improved
visual fidelity among all baselines. As shown in Fig. 5,
on VITON, RefTon realistically renders challenging mate-
rials such as hollow and semi-transparent fabrics even with-
out reference images. For example, it faithfully preserves
the perforated structures and transparency of lace garments,
while baselines often produce solid textures or spurious dot-
ted artifacts. Our method also better maintains garment pat-
terns, keeping printed letters and logos clear and consistent
with the input. Adding reference images further improves
generation quality, validating the effectiveness of our refer-
ence assist framework. Even without agnostic masks, di-
rectly transferring clothing ci onto person images p̄i,cj

still
allows our method to outperform most baselines. More re-
sults on VITON-HD, DressCode, and in-the-wild examples
are provided in Appendix C.

Our model also performs well on a benchmark with a
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Table 1. Quantitative comparison on VITON-HD [8] and DressCode [44]. Best and second-best results are shown in bold and underline,
respectively. “+R” denotes the use of reference images, “MF” indicates mask-free inputs, and “–” denotes missing values. Subscripts p
and u denote the paired and unpaired settings, respectively.

Method
Input VITON-HD DressCode

Mask Pose LPIPSp ↓ SSIMp ↑ FIDp ↓ KIDp ↓ FIDu ↓ KIDu ↓ LPIPSp ↓ SSIMp ↑ FIDp ↓ KIDp ↓ FIDu ↓ KIDu ↓
CAT-DM∗ [63] ✓ ✓ 0.080 0.877 5.60 0.83 8.93 1.37 – – – – – –
IDM-VTON∗ [9] ✓ ✓ 0.102 0.870 6.29 – – – 0.062 0.920 8.64 0.90 – –
OOTDiffusion∗ [60] ✓ – 0.071 0.878 8.81 0.82 – – 0.045 0.927 4.20 0.37 – –
CatVTON∗ [10] ✓ – 0.057 0.870 5.43 0.41 9.02 1.09 0.046 0.892 3.99 0.82 6.14 1.40
CatVT2ON∗ [11] ✓ ✓ 0.057 0.890 8.10 2.25 11.22 2.99 0.037 0.922 5.72 2.34 8.63 3.84
OmniVTON∗ [62] ✓ ✓ 0.145 0.832 7.76 – 9.62 – 0.119 0.865 5.34 – 6.45 –
PromptDresser∗pose [31] ✓ ✓ 0.097 0.878 9.07 1.16 – – – – – – – –
PromptDresser∗ [31] ✓ – 0.112 0.869 8.54 0.67 – – – – – – – –
RefTON (Ours) ✓ – 0.057 0.873 5.45 0.82 8.58 1.06 0.037 0.912 3.48 1.20 5.31 1.36
RefTON+R (Ours) ✓ – 0.049 0.879 4.69 0.68 8.43 0.91 0.031 0.918 2.94 0.95 5.07 1.15

Mask-Free setting

CatVTON(Mask-Free)∗ [10] – – 0.061 0.870 5.89 0.51 9.29 1.17 0.045 0.902 4.78 1.30 7.40 2.62
Any2AnyTryon∗ [23] – – 0.088 0.839 6.93 0.74 8.97 0.98 – – – – – –
TryOffDiff∗ [56] – – – – – – 11.9 2.60 – – – – 7.90 2.70
RefTON/MF (Ours) – – 0.061 0.866 5.98 1.04 8.40 0.81 0.041 0.901 3.84 1.33 5.00 1.17
RefTON+R/MF(Ours) – – 0.053 0.872 5.11 0.82 8.32 0.78 0.035 0.906 3.34 1.15 5.02 1.28

Table 2. Quantitative comparisons on the StreetTryOn. Sh, St, P,
denotes the shop, street, and person(model) image, respectively.

Method Required Input Sh-to-St P-to-P P-to-St St-to-St
Mask Pose Text FID↓ FID↓ FID↓ FID↓

StreetTryOn ✓ ✓ ✗ 34.054 12.185 34.191 33.039
OmniVTON ✓ ✓ ✓ 33.919 8.983 33.450 23.470
RefTON ✓ ✗ ✗ 28.991 8.870 25.429 16.452

Table 3. Cross-dataset comparison with OOTDiffusion [60] on
VITON-HD and DressCode under both paired and unpaired set-
tings. For the mask-free setting, we report only the unpaired re-
sults, as the paired setting is not meaningful when no garment–
person alignment is enforced.

Methods VITON-HD (Paired) DressCode (Paired)
SSIM↑ FIDp↓ KIDp↓ LPIPS↓ SSIM↑ FIDp↓ KIDp↓ LPIPS↓

OOTDiffusion∗ [60] 0.839 11.22 2.72 0.123 0.915 11.96 1.21 0.061

RefTON (Ours) 0.851 6.23 0.80 0.072 0.896 3.70 1.13 0.045
RefTON+R (Ours) 0.859 5.13 0.62 0.060 0.903 3.14 0.97 0.038

Methods VITON-HD (Unpaired) DressCode (Unpaired)
FIDu↓ KIDu↓ FIDu↓ KIDu↓

RefTON (Ours) 9.11 1.08 5.22 1.20
RefTON+R (Ours) 8.59 0.87 5.03 1.11
RefTON/MF (Ours) 8.88 0.82 5.03 1.23
RefTON+R/MF (Ours) 8.39 0.65 4.87 1.10

wider variety of clothing types. As shown in Fig. 6, we
evaluate our method on the DressCode dataset, where gar-
ments are categorized into upper body, lower body, and
dresses. Our approach produces more faithful and natural
try-on results compared to previous methods. In particular,
it renders reflective materials, such as leather and metallic
fabrics, with superior realism, avoiding the over-smoothing
or distortion artifacts commonly observed in other methods.
Moreover, even without agnostic masks, our model can still
perform consistent try-on guided by garment style, accu-

rately preserving the length, structure, and overall design
without introducing mismatched or inconsistent shapes.

4.3. Training on VRF Dataset and Evaluation

To evaluate the effectiveness of our person-to-person vir-
tual try-on framework and data construction pipeline, we
build a mixed dataset, Mixed-Virtual-Ref, by combining
samples from DressCode, VITON-HD, FashionTryOn [59],
ViViD [17], and IGPairs [9]. We use Qwen2.5-VL to filter
low-quality images, generate agnostic masks via [10], and
obtain reference and unpaired person images through our
data generation process. In total, 103,936 image pairs are
collected for training, using the same hyperparameters as in
the DressCode and VITON-HD experiments.

We evaluate the model on the DressCode and VITON-
HD test sets, with quantitative results shown in Table 3. Our
method (RefTon) consistently achieves superior or compa-
rable performance to OOTDiffusion [60] across both bench-
marks and paired and unpaired settings. Notably, despite
not being trained on DressCode or VITON-HD individ-
ually, the mixed-dataset model surpasses dataset-specific
baselines on most metrics (e.g., FID and LPIPS), demon-
strating strong cross-dataset generalization and the robust-
ness of our data construction strategy.

4.4. Ablation Study

We conduct an ablation study to examine our model un-
der four settings(w/&w/o mask,w/&w/o Ref.). As shown
in Table 1, our model maintains consistently strong perfor-
mance across all settings. Introducing a reference image
yields clear improvements in both mask-based and mask-
free modes, while moving from mask-based to mask-free
inputs causes only mild metric fluctuations, confirming the
model’s stable robustness without masks.
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Pair Unpair

input GT CAT-DM OOTDiffusion CatVTON CatV2TON RefTON RefTON-R reference input CAT-DM OOTDiffusion CatVTON CatV2TON RefTON RefTON-R reference

Figure 6. Qualitative comparison on the DressCode dataset., and the model is trained following the pipeline in Fig. 2 (b). “reference”
denotes the reference ri image is used during the inference.

Input reference RefTON+RRefTON RefTON/MF RefTON/MF+R

Figure 7. Qualitative results of the ablation study across differ-
ent settings. “Ref.” denotes that a reference image is provided,
while “MF” indicates mask-free inputs using the original person
image instead of a masked agnostic image.

Fig. 7 further provides qualitative comparisons. The
first two rows show that reference images help the model
correctly infer garment structures and materials that are
ambiguous in the flat images (e.g., hollow textures, semi-
transparency). The last two rows illustrate that mask quality
heavily affects mask-dependent models: overly aggressive
masks remove important items (e.g., handbags), while con-
servative masks retain unwanted regions (e.g., legs), lead-
ing to incorrect garment geometry. In contrast, our mask-
free model consistently produces correct outputs regardless
of mask or reference conditions, demonstrating that mask-
free capability reduces reliance on mask quality and enables
more flexible and stable try-on performance.

Table 4. Rescaled position index (PI) ablation.. We compare the
original Flux-Kontext position index with our rescaled PI at differ-
ent condition scales; MF denotes mask-free inputs. Conditional
inputs are resized to 0.5× and 0.25× of the target resolution.

Method 0.5 Scale 0.25 Scale
FID↓ KID↓ FIDMF ↓ KIDMF ↓ FID↓ KID↓ FIDMF ↓ KIDMF ↓

w/ o Rescaled PI 5.29 0.84 4.75 0.72 6.08 0.93 5.35 0.76

w/ Rescaled PI 5.09 0.79 4.71 0.69 6.01 0.77 5.37 0.71

To validate the rescaled position index, we experiment
on VITON-HD with cloth image ci, dense pose di, warp
mask mi, and reference image ri as conditions. In the
masked and mask-free settings, the target cloth is trans-
ferred to the person image and the agnostic image, respec-
tively. We evaluate two condition scales, 0.25× and 0.5×,
where the person or agnostic image is resized to the target
resolution and the conditional inputs are rescaled accord-
ingly. As shown in Table 4, the rescaled position index out-
performs the original Flux-Kontext position index on FID
and KID under both settings, showing its effectiveness for
multi-condition inputs with varying resolutions.

5. Conclusion

This paper introduces RefTon, a virtual try-on framework
that supports both mask-based and mask-free inference and
leverages reference images to guide the try-on process. We
extend Flux-Kontext to handle multi-condition inputs of
varying resolutions via a rescaled position index. To train
RefTon, we propose a reference data generation pipeline in-
tegrating Qwen2.5-VL and Flux-Kontext. This design al-
lows RefTon to faithfully preserve translucent fabrics, in-
tricate designs, and fine details, consistently outperform-
ing existing methods both quantitatively and qualitatively,
achieving state-of-the-art performance in all settings.
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[2] Mikołaj Bińkowski, Danica J Sutherland, Michael Arbel, and
Arthur Gretton. Demystifying mmd gans. arXiv preprint
arXiv:1801.01401, 2018. 6

[3] Zhe Cao, Tomas Simon, Shih-En Wei, and Yaser Sheikh.
Realtime multi-person 2d pose estimation using part affinity
fields. In CVPR, 2017. 1

[4] Z. Cao, G. Hidalgo Martinez, T. Simon, S. Wei, and Y. A.
Sheikh. Openpose: Realtime multi-person 2d pose estima-
tion using part affinity fields. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2019. 1

[5] Mengting Chen, Xi Chen, Zhonghua Zhai, Chen Ju, Xuewen
Hong, Jinsong Lan, and Shuai Xiao. Wear-any-way: Manip-
ulable virtual try-on via sparse correspondence alignment. In
European Conference on Computer Vision, pages 124–142.
Springer, 2024. 1

[6] Tian Qi Chen, Yulia Rubanova, Jesse Bettencourt, and
David Kristjanson Duvenaud. Neural ordinary differential
equations. In Neural Information Processing Systems, 2018.
2

[7] Bo Cheng, Yuhang Ma, Liebucha Wu, Shanyuan Liu, Ao
Ma, Xiaoyu Wu, Dawei Leng, and Yuhui Yin. Hico: Hierar-
chical controllable diffusion model for layout-to-image gen-
eration. Advances in neural information processing systems,
37:128886–128910, 2024. 2

[8] Seunghwan Choi, Sunghyun Park, Minsoo Lee, and Jaegul
Choo. Viton-hd: High-resolution virtual try-on via
misalignment-aware normalization. In Proceedings of the
IEEE/CVF conference on computer vision and pattern
recognition, pages 14131–14140, 2021. 1, 2, 4, 5, 7

[9] Yisol Choi, Sangkyung Kwak, Kyungmin Lee, Hyungwon
Choi, and Jinwoo Shin. Improving diffusion models for au-
thentic virtual try-on in the wild. In European Conference on
Computer Vision, pages 206–235. Springer, 2024. 1, 7

[10] Zheng Chong, Xiao Dong, Haoxiang Li, Shiyue Zhang,
Wenqing Zhang, Xujie Zhang, Hanqing Zhao, Dongmei
Jiang, and Xiaodan Liang. Catvton: Concatenation is all you
need for virtual try-on with diffusion models. arXiv preprint
arXiv:2407.15886, 2024. 1, 2, 3, 6, 7

[11] Zheng Chong, Wenqing Zhang, Shiyue Zhang, Jun Zheng,
Xiao Dong, Haoxiang Li, Yiling Wu, Dongmei Jiang, and
Xiaodan Liang. Catv2ton: Taming diffusion transformers
for vision-based virtual try-on with temporal concatenation.
arXiv preprint arXiv:2501.11325, 2025. 1, 7

[12] Aiyu Cui, Jay Mahajan, Viraj Shah, Preeti Gomathinayagam,
and Svetlana Lazebnik. Street tryon: Learning in-the-wild
virtual try-on from unpaired person images. arXiv preprint
arXiv:2311.16094, 2023. 6

[13] Laurent Dinh, David Krueger, and Yoshua Bengio. Nice:
Non-linear independent components estimation. arXiv
preprint arXiv:1410.8516, 2014. 2

[14] Laurent Dinh, Jascha Sohl-Dickstein, and Samy Ben-
gio. Density estimation using real nvp. arXiv preprint
arXiv:1605.08803, 2016. 2

[15] Jian Dong, Qiang Chen, Xiaohui Shen, Jianchao Yang, and
Shuicheng Yan. Towards unified human parsing and pose
estimation. In Proceedings of the IEEE Conference on Com-
puter Vision and Pattern Recognition, pages 843–850, 2014.
1

[16] Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov,
Dirk Weissenborn, Xiaohua Zhai, Thomas Unterthiner,
Mostafa Dehghani, Matthias Minderer, Georg Heigold, Syl-
vain Gelly, et al. An image is worth 16x16 words: Trans-
formers for image recognition at scale. arXiv preprint
arXiv:2010.11929, 2020. 3

[17] Zixun Fang, Wei Zhai, Aimin Su, Hongliang Song, Kai Zhu,
Mao Wang, Yu Chen, Zhiheng Liu, Yang Cao, and Zheng-
Jun Zha. Vivid: Video virtual try-on using diffusion models.
arXiv preprint arXiv:2405.11794, 2024. 2, 5, 7

[18] Yutong Feng, Linlin Zhang, Hengyuan Cao, Yiming Chen,
Xiaoduan Feng, Jian Cao, Yuxiong Wu, and Bin Wang. Om-
nitry: Virtual try-on anything without masks. arXiv preprint
arXiv:2508.13632, 2025. 3

[19] Yue Gong, Shanyuan Liu, Liuzhuozheng Li, Jian Zhu, Bo
Cheng, Liebucha Wu, Xiaoyu Wu, Yuhang Ma, Dawei Leng,
and Yuhui Yin. Cta-flux: Integrating chinese cultural se-
mantics into high-quality english text-to-image communi-
ties. arXiv preprint arXiv:2508.14405, 2025. 2

[20] Ian Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing
Xu, David Warde-Farley, Sherjil Ozair, Aaron Courville, and
Yoshua Bengio. Generative adversarial networks. Commu-
nications of the ACM, 63(11):139–144, 2020. 1

[21] Junhong Gou, Siyu Sun, Jianfu Zhang, Jianlou Si, Chen
Qian, and Liqing Zhang. Taming the power of diffusion
models for high-quality virtual try-on with appearance flow.
In Proceedings of the 31st ACM International Conference on
Multimedia, pages 7599–7607, 2023. 2
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Rädle, Chloe Rolland, Laura Gustafson, Eric Mintun, Junt-
ing Pan, Kalyan Vasudev Alwala, Nicolas Carion, Chao-
Yuan Wu, Ross Girshick, Piotr Dollár, and Christoph Feicht-
enhofer. Sam 2: Segment anything in images and videos.
arXiv preprint arXiv:2408.00714, 2024. 1

[49] Robin Rombach, A. Blattmann, Dominik Lorenz, Patrick
Esser, and Björn Ommer. High-resolution image synthesis
with latent diffusion models. 2022 IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR), pages
10674–10685, 2021. 1, 2

[50] Maximilian Seitzer. pytorch-fid: FID Score for PyTorch.
https://github.com/mseitzer/pytorch-fid,
2020. Version 0.3.0. 6

[51] Fei Shen, Xin Jiang, Xin He, Hu Ye, Cong Wang, Xiaoyu
Du, Zechao Li, and Jinghui Tang. Imagdressing-v1: Cus-
tomizable virtual dressing. In AAAI Conference on Artificial
Intelligence, 2024. 2, 4, 5

[52] Jascha Sohl-Dickstein, Eric Weiss, Niru Maheswaranathan,
and Surya Ganguli. Deep unsupervised learning using
nonequilibrium thermodynamics. In International confer-
ence on machine learning, pages 2256–2265. PMLR, 2015.
2

14924

https://github.com/black-forest-labs/flux
https://github.com/black-forest-labs/flux
https://github.com/mseitzer/pytorch-fid


[53] Yang Song, Jascha Sohl-Dickstein, Diederik P Kingma, Ab-
hishek Kumar, Stefano Ermon, and Ben Poole. Score-based
generative modeling through stochastic differential equa-
tions. In International Conference on Learning Represen-
tations, 2021. 2

[54] Jianlin Su, Murtadha Ahmed, Yu Lu, Shengfeng Pan, Wen
Bo, and Yunfeng Liu. Roformer: Enhanced transformer with
rotary position embedding. Neurocomputing, 568:127063,
2024. 2

[55] Alexander Toshev and Christian Szegedy. Deeppose: Human
pose estimation via deep neural networks. In Proceedings of
the IEEE conference on computer vision and pattern recog-
nition, pages 1653–1660, 2014. 1

[56] Riza Velioglu, Petra Bevandic, Robin Chan, and Bar-
bara Hammer. Enhancing person-to-person virtual try-
on with multi-garment virtual try-off. arXiv preprint
arXiv:2504.13078, 2025. 3, 7

[57] Bochao Wang, Huabin Zheng, Xiaodan Liang, Yimin
Chen, Liang Lin, and Meng Yang. Toward characteristic-
preserving image-based virtual try-on network. In Proceed-
ings of the European conference on computer vision (ECCV),
pages 589–604, 2018. 1

[58] Shih-En Wei, Varun Ramakrishna, Takeo Kanade, and Yaser
Sheikh. Convolutional pose machines. In CVPR, 2016. 1

[59] Shitao Xiao, Yueze Wang, Junjie Zhou, Huaying Yuan, Xin-
grun Xing, Ruiran Yan, Chaofan Li, Shuting Wang, Tiejun
Huang, and Zheng Liu. Omnigen: Unified image genera-
tion. In Proceedings of the Computer Vision and Pattern
Recognition Conference, pages 13294–13304, 2025. 7

[60] Yuhao Xu, Tao Gu, Weifeng Chen, and Chengcai Chen. Oot-
diffusion: Outfitting fusion based latent diffusion for control-
lable virtual try-on. In AAAI Conference on Artificial Intelli-
gence, 2024. 1, 7

[61] Zhongcong Xu, Jianfeng Zhang, Jun Hao Liew, Hanshu Yan,
Jia-Wei Liu, Chenxu Zhang, Jiashi Feng, and Mike Zheng
Shou. Magicanimate: Temporally consistent human im-
age animation using diffusion model. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 1481–1490, 2024. 1

[62] Zhaotong Yang, Yuhui Li, Shengfeng He, Xinzhe Li,
Yangyang Xu, Junyu Dong, and Yong Du. Omniv-
ton: Training-free universal virtual try-on. arXiv preprint
arXiv:2507.15037, 2025. 1, 3, 7

[63] Jianhao Zeng, Dan Song, Weizhi Nie, Hongshuo Tian, Tong-
tong Wang, and An-An Liu. Cat-dm: Controllable acceler-
ated virtual try-on with diffusion model. In Proceedings of
the IEEE/CVF conference on computer vision and pattern
recognition, pages 8372–8382, 2024. 7

[64] Nannan Zhang, Zhenyu Xie, Zhengwentai Sun, Hairui Zhu,
Zirong Jin, Nan Xiang, Xiaoguang Han, and Song Wu.
Viton-gun: Person-to-person virtual try-on via garment un-
wrapping. IEEE Transactions on Visualization and Com-
puter Graphics, 31(10):7740–7751, 2025. 3

[65] Richard Zhang, Phillip Isola, Alexei A Efros, Eli Shecht-
man, and Oliver Wang. The unreasonable effectiveness of
deep features as a perceptual metric. In Proceedings of the
IEEE conference on computer vision and pattern recogni-
tion, pages 586–595, 2018. 6

[66] Na Zheng, Xuemeng Song, Zhaozheng Chen, Linmei Hu,
Da Cao, and Liqiang Nie. Virtually trying on new clothing
with arbitrary poses. In Proceedings of the 27th ACM inter-
national conference on multimedia, pages 266–274, 2019. 2,
5

[67] Jian Zhu, Shanyuan Liu, Liuzhuozheng Li, Yue Gong, He
Wang, Bo Cheng, Yuhang Ma, Liebucha Wu, Xiaoyu Wu,
Dawei Leng, et al. Flux-makeup: High-fidelity, identity-
consistent, and robust makeup transfer via diffusion trans-
former. arXiv preprint arXiv:2508.05069, 2025. 2

[68] Luyang Zhu, Dawei Yang, Tyler Zhu, Fitsum Reda, William
Chan, Chitwan Saharia, Mohammad Norouzi, and Ira
Kemelmacher-Shlizerman. Tryondiffusion: A tale of two
unets. In Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition, pages 4606–4615,
2023. 1, 2

14925


	Introduction
	Related Works
	Generative Model via Flow Matching
	Diffusion-based Virtual Try-on

	Method
	Preliminary
	Person To Person Virtual Try-on Model with Two Stage Training
	Multi-input Training and Adaptation
	Virtual-Tryon Generation with Extra Visual Reference

	Experiments
	Quantative result
	Qualitative comparison
	Training on VRF Dataset and Evaluation
	Ablation Study

	Conclusion
	Acknowledgments

