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Abstract

Previous virtual try-on methods have employed ControlNet
architecture in exemplar-based inpainting diffusion models
to guide the generation of try-on images, preserving the gar-
ment’s features and enhancing the realism of the generated
images. While these methods have maintained the identity
of the garment and improved the naturalness of the gener-
ated images, they still face the following limitations: (1) For
garments with complex features, such as intricate text, pat-
terns, and uncommon styles, they struggle to retain these
detailed features in the generated try-on images. (2) They
are limited to generating try-on images at a maximum res-
olution of 1K, which may not meet the demands of real-
world scenarios, where higher resolutions might be required.
To address the aforementioned issues, in this paper, we pro-
pose a Cascaded Diffusion Model for virtual try-on to en-
hance both image controllability and resolution. We call it
CDM-VTON. Specifically, we design two diffusion mod-
els: the Multi-Conditioned Diffusion Model (MC-DM) and
the Super-Resolution Diffusion Model (SR-DM). The for-
mer generates low-resolution try-on images while preserv-
ing the garment’s complex features, and the latter enhances
the resolution of these images. Additionally, we incorporate
a multi-control integration module in the MC-DM, which in-
jects multiple control conditions into a frozen denoising U-
Net to ensure that the generated try-on images retain complex
garment features. Our experimental results demonstrate that
our method outperforms previous approaches in preserving
garment details and generating authentic virtual try-on im-
ages, both qualitatively and quantitatively.

Introduction
Image-based virtual try-on (VTON) is an important com-
puter vision task that aims to generate seamless photos of a
person wearing target garments by inputting images of the
person and the target garments. Due to its convenience and
potential to provide personalized shopping experiences for
e-commerce users, there is significant interest in generating
realistic virtual try-on images. The key challenges VTON
faces are how to naturally match the garments to the hu-
man body in various poses and gestures while maintaining
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Figure 1: We compare our method with diffusion-based vir-
tual try-on methods at 2K resolution. We use the DiffBIR
method to perform super-resolution reconstruction on the
generated results of the comparison methods. Specifically,
the generated try-on images have an initial resolution of
512×384, and after super-resolution reconstruction, the res-
olution of the images is increased to 2048×1536. As can be
seen, compared to other methods, our approach generates
2K try-on images with superior detail retention and real-
ism, particularly in the depiction of garment textures, where
it maximally preserves their intricate details. Best viewed
when zoomed in.

the patterns and textures of the garments without distortion
(Han et al. 2018; Wang et al. 2018).

Previous image-based VTON methods (Choi et al. 2021;
Ge et al. 2021; He, Song, and Xiang 2022; Lee et al. 2022;
Wang et al. 2018; Xie et al. 2023) mainly relied on Genera-
tive Adversarial Networks (GANs) (Goodfellow et al. 2014).
These methods initially deform the garment image to align
with the given person image, and then integrate the warped
garment image with the person image in a generator for syn-
thesis. However, GAN-based VTON methods face the fol-
lowing issues: (1) The deformation methods (Duchon 1977;
Jaderberg et al. 2015; Li, Huang, and Loy 2019) they use
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cannot handle challenging poses. (2) The images they gen-
erate often lack a degree of realism and may fail to produce
finer details.

Recently, diffusion models (DMs) have demonstrated out-
standing performance in various visual tasks (Li et al. 2022;
Kawar et al. 2022; Ruiz et al. 2023; Saharia et al. 2022).
Compared to GANs, DMs demonstrate superior capability
in generating images with fine-grained realism. When DMs
are applied to VTON tasks (Baldrati et al. 2023; Gou et al.
2023; Yang et al. 2023), a key challenge is ensuring the
controllability of the generated results, particularly in main-
taining the complex textures and patterns of the target gar-
ment. To control the generated results, some methods (Kim
et al. 2024; Zeng et al. 2024; Choi et al. 2024) employ the
ControlNet (Zhang, Rao, and Agrawala 2023) architecture
to provide more garment-agnostic person representations as
control conditions. While these methods can generate try-on
results that preserve garment identity, they struggle to effec-
tively retain complex features in the generated images for
garments with intricate features, such as detailed text, pat-
terns, or uncommon styles. In addition, they can only gen-
erate try-on images up to a 1K resolution, whereas higher
resolutions, such as 2K, may be required for practical appli-
cations.

To cope with the aforementioned issues, We propose
a Cascaded Diffusion Model for Virtual Try-On (CDM-
VTON), which significantly enhances the controllability of
generated results while also generating high-resolution (HR)
try-on images. Specifically, our proposed model consists of
the Multi-Conditioned Diffusion Model (MC-DM) and the
Super-Resolution Diffusion Model (SR-DM). The MC-DM
generates low-resolution (LR) try-on results with complex
garment features, and the SR-DM upsamples these gener-
ated LR images to HR images. To enhance the controllabil-
ity of the generated try-on results, we design a Multi-control
Integration Module (MIM) within the MC-DM, which in-
jects multiple control conditions into the frozen denoising
U-Net. To improve the resolution of the generated images,
we fine-tune a pre-trained diffusion model using the Con-
trolNet architecture, obtaining the SR-DM specifically em-
ploying for VTON tasks. Inspired by (Zeng et al. 2024), we
further integrate DINO-V2 (Oquab et al. 2023) into Con-
trolNet to extract more detailed feature information, thereby
enhancing the control over content generation in try-on im-
ages. The main contributions are summarized as follows:

(1) We propose CDM-VTON, a novel virtual try-on
model, which can improve both the controllability and reso-
lution of the generated try-on images.

(2) We design the Multi-Conditioned Diffusion Model,
which utilizes the multi-control integration module to inject
multiple control conditions into the frozen denoising U-Net.
This model ensures that the generated try-on images contain
the complex features of the garments.

(3) We introduce the Super-Resolution Diffusion Model
specifically for VTON tasks to improve the resolution of the
generated try-on images, catering to practical applications.

(4) Experimental results indicate that our method outper-
forms previous approaches in both preserving garment de-
tails and generating realistic virtual try-on images.

Related Works
Image-based Virtual Try-On
Image-based virtual try-on aims to integrate a given garment
image onto a target person, generating realistic try-on im-
ages. Research approaches for this task mainly fall into two
categories: GAN-based methods (Choi et al. 2021; Ge et al.
2021; Dong et al. 2022; He, Song, and Xiang 2022; Lee
et al. 2022; Wang et al. 2018; Xie et al. 2023) and DM-based
methods (Baldrati et al. 2023; Gou et al. 2023; Yang et al.
2023). GAN-based models typically first warp the target
garment and then synthesize the try-on image conditioned
on the warped garment and the person’s image. However,
for complex or atypical human poses, GAN-based methods
struggle to generate satisfactory try-on images. Currently,
several DM-based methods leverage the powerful generative
capabilities of diffusion models to address the aforemen-
tioned issues. For instance, PBE (Yang et al. 2023) employs
a robust diffusion model that can semantically alter image
content based on example images. LaDI-VTON (Morelli
et al. 2023) utilizes textual inversion within the diffusion
model to map the visual features of garments into the CLIP
embedding space. DCI-VTON (Gou et al. 2023) uses the
warped garment as a conditional input to the diffusion model
to better preserve the garment’s features. However, the above
DM-based methods fail to effectively control the texture and
pattern of the generated garments, leading to distorted try-on
images.

Adding Conditional Control
To achieve fine-grained control in image synthesis, some
methods incorporate various conditional controls into text-
to-image (T2I) diffusion models (Zhang et al. 2024). For in-
stance, ControlNet (Zhang, Rao, and Agrawala 2023) and
T2I-Adapter (Mou et al. 2024) propose fine-tuning addi-
tional modules that encode spatial information, such as
edges, depth, and human poses, to control the diffusion
model and generate the desired images. IP-Adapter (Ye et al.
2023) introduces conditional T2I diffusion models to con-
trol image generation with both textual and visual prompts.
Some studies have applied the aforementioned techniques
to VTON tasks to achieve controllable generation of try-on
images. For example, StableVITON (Kim et al. 2024) and
CAT-DM (Zeng et al. 2024) employ the ControlNet architec-
ture to learn the semantic correspondence between garments
and human bodies within the latent space of pre-trained dif-
fusion models in an end-to-end manner. IDM-VTON (Choi
et al. 2024) utilizes two different modules to encode the se-
mantics of garment images. While these methods ensure the
controllability of generated images, they struggle to effec-
tively preserve the complex features of garments. Further-
more, they are limited to generating try-on results with a
maximum resolution of 1K, restricting their applicability in
real scenarios.

Diffusion-based Super-Resolution
Currently, diffusion-based super-resolution (SR) methods
(Lin et al. 2024; Wang et al. 2024; Sun et al. 2024; Rao et al.
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Figure 2: The overall framework of CDM-VTON consists of two latent diffusion models: MC-DM and SR-DM. MC-DM
primarily comprises a frozen pre-trained diffusion model and two trainable ControlNets. SR-DM mainly consists of a frozen
pre-trained diffusion model and a trainable ControlNet. We replace CLIP with DINO-V2 as the feature extractor for image
conditions in ControlNet. Additionally, to better integrate control conditions into the frozen pre-trained diffusion model, we
design a Multi-Control Integration Module, which includes trainable Openpose Attention, trainable Densepose Attention, as
well as frozen Self-Attention and frozen Cross-Attention.

2025; Li et al. 2024) primarily focus on leveraging diffu-
sion models (DMs) to enhance the quality of the final SR
image. For example, StableSR (Wang et al. 2024) is a pio-
neering work in this field, utilizing the prior knowledge of
pre-trained DMs to improve the fidelity of SR images. Diff-
BIR (Lin et al. 2024) combines traditional image restora-
tion models with pre-trained text-to-image DMs, mitigat-
ing the adverse effects of image degradation on the recon-
struction process. DWTrans (Li et al. 2023) first employs
the pre-trained DMs to generate reference images, then uses
these generated reference images to guide the reconstruction
of the low-resolution (LR) image. CoSeR (Sun et al. 2024)
can extract cognitive embeddings from LR images and en-
hance reconstruction results using implicit diffusion priors.
Inspired by the aforementioned methods, we utilize the Con-
trolNet architecture to fine-tune pre-trained DMs to develop
a SR model specifically for the VTON task, aimed at en-
hancing the resolution of generated try-on images.

Methodology
Overall Architecture
To preserve the complex features of garment and enhance
the resolution of generated try-on images, we propose the
Cascaded Diffusion Model (CDM-VTON). It consists of
MC-DM, a novel multi-conditioned diffusion model de-
signed to improve the controllability of garment content in
virtual try-on, and SR-DM, a super-resolution conditional
diffusion model aimed at increasing the resolution of try-on
images. The overall architecture of CDM-VTON is shown
in Fig. 2. In MC-DM, the frozen denoising U-Net takes the
noisy xt, the latent of the masked-out person image F(xm),

and the mask as inputs. Besides the given xt, F(xm), and
the mask, ControlNet generates two sets of control vectors,
openpose co and densepose cd, by incorporating additional
control conditions (garment and openpose/densepose). We
design a Multi-Control Integration Module (MIM) to better
integrate these control vectors into the frozen denoising U-
Net. After t iterations and decoding, MC-DM outputs low-
resolution (LR) try-on images with complex garment fea-
tures. In SR-DM, the frozen denoising U-Net takes the noisy
zt as input, and the trainable ControlNet takes the latent of
the LR try-on image as input. The goal of training the Con-
trolNet is to preserve the fidelity of the input image. After t
iterations and decoding, SR-DM outputs the high-resolution
(HR) try-on image with high realism. The following sections
will provide a detailed explanation of MC-DM and SR-DM.

Multi-Conditioned Diffusion Model
MC-DM employs the ControlNet architecture based on the
pre-trained Stable Diffusion (SD) model (Rombach et al.
2022), retaining the generative capabilities of the SD while
incorporating additional control conditions. To better con-
trol and preserve the complex features of the garments in the
generated try-on images, we employ two ControlNets. The
first takes openpose and garment as inputs and outputs the
control variable co. The second takes densepose and garment
as inputs and outputs the control variable cd. Intuitively, the
control variables co and cd can provide different and effec-
tive conditional information to the frozen U-Net. To more
effectively integrate these control variables, we design the
Multi-Control Integration Module (MIM), which consists of
trainable attention modules and frozen attention modules.
The specific designs will be elaborated below.
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Stable Diffusion Model. The Stable Diffusion model is
a large-scale diffusion model trained on the LAION-5B
(Schuhmann et al. 2022) dataset, based on the latent diffu-
sion model. Using a frozen encoder E to convert the input
image x into latent features z0 = E(x), we can define a
forward diffusion process in the latent space:

q (zt | z0) = N
(
zt;

√
ᾱtz0, (1− ᾱt) I

)
, (1)

where t ∈ [1, ..., T ], T is the number of steps, αt := 1− βt,
and ᾱt := Πt

s=1αs, βt is variance schedule. The objec-
tive function used during the training of the Stable Diffusion
model is as follows:

LLDM = EE(x),y,ϵ∼N (0,1),t

[
∥ϵ− ϵθ (zt, t, τθ(y))∥22

]
,

(2)
where ϵθ(·) represents the denoising network, τθ(·) is the
CLIP (Radford et al. 2021) text/image encoder to condition
the text/image prompt y.

ControlNet Architecture. Although the SD model is a
large-scale diffusion model trained on LAION-5B, it is not
directly applicable to virtual try-on tasks. Therefore, we in-
troduce the ControlNet architecture to control the SD model,
ensuring that the generated try-on image maintain pixel con-
sistency with the target garment. As shown in Fig. 2, we em-
ploy two trainable ControlNets to provide different control
variables, co and cd, to the frozen denoising U-Net. Given a
set of conditions, including noise xt, the latent of the masked
image F(xm), the mask m, the time step t, the garment im-
age g, and additional control conditions (such as openpose o
or densepose d), ControlNet first generates the correspond-
ing control variables co or cd. These vectors are then inte-
grated into the frozen denoising U-Net by the Multi-Control
Integration Module (MIM) to guide the try-on image gener-
ation process. We lock all parameters of the SD model and
copy the parameters of the SD Encoder blocks and SD Mid-
dle block into ControlNet. During training, we specifically
perform gradient updates on the parameters of ControlNet
and the openpose attention and densepose attention in MIM,
Similar to Eq. 2:

Ex,F(xm),m,g,d,o,t,ϵ

[
∥ϵ− ϵθ (xt,F(xm),m, g, d, o, t)∥22

]
.

(3)

Multi-Control Integration Module. Current virtual try-
on methods using the ControlNet architecture simply inte-
grate control variables into a frozen denoising U-Net. This
fusion approach fails to fully utilize the control information
provided by ControlNet, resulting in generated try-on im-
ages that fail to preserve the complex features of the gar-
ment. To address this issue, we design a Multi-Control Injec-
tion Module (MIM) that integrates control variables co and
cd into the denoising U-Net using an attention mechanism.
As shown in Fig. 2, the MIM module enhances the origi-
nal attention modules in the denoising U-Net by introducing
trainable openpose attention and densepose attention, while
keeping the self-attention and cross-attention components in
a frozen state. The benefit of this structure is that it enhances
all attention modules applied in the middle and decoder of

the frozen denoising U-Net. Specifically, for openpose at-
tention, the query Q is derived from the latent features of
the denoising U-Net, while K and V are sourced from the
openpose control co. Similarly, for densepose attention, the
keys K and values V are derived from the densepose con-
trol cd. For the frozen cross-attention, we utilize the CLIP
Embedding as K and V .

Super-Resolution Diffusion Model
Current virtual try-on methods can only generate try-on im-
ages with a maximum resolution of 1K, whereas practical
application scenarios may require higher resolution images.
The most straightforward approach is to upsample the gen-
erated try-on images using a super-resolution (SR) model.
However, directly applying existing SR methods (e.g., Sta-
bleSR (Wang et al. 2024), DiffBIR (Lin et al. 2024)) may re-
sult in distorted upsampled images, as they lack prior knowl-
edge about the person and the garments. Therefore, we in-
troduce a super-resolution diffusion model (SR-DM) specifi-
cally designed for virtual try-on, as shown in Fig. 2. Inspired
by IRControlNet (Lin et al. 2024), SR-DM also employs
the ControlNet architecture to control image generation. The
difference is that to enable pixel-level controllability in SR-
DM, we utilize DINO-V2 (Oquab et al. 2023) as the fea-
ture extractor for the LR images in ControlNet. Compared
to CLIP (Radford et al. 2021), DINO-V2 encodes images
not only as global tokens but also as patch tokens, which
helps retain information from the LR images and provides
detailed representations (Zeng et al. 2024). We integrate the
LR image features extracted by DINO-V2 into ControlNet
using fully connected layers and cross-attention.

During training, only the parameters of ControlNet will be
updated. We aim to minimize the following latent diffusion
objective:

Ezt,c,t,ϵ,F(LR)

[
∥ϵ− ϵθ (zt, c, t,F(LR))∥22

]
, (4)

where F(LR) refers to the latent features extracted by the
VQGAN Encoder. During inference, the generated LR try-
on image is used as a conditional input to the model. After
t iterations, the model generates the HR try-on image with
high fidelity that preserves the garment’s detailed features.

Experiments
Experiments Setting
Datasets. We employ two publicly available datasets,
DressCode (Morelli et al. 2022) and VITON-HD (Choi et al.
2021), to evaluate the virtual try-on task. Both datasets con-
sist of paired images of garments and their correspond-
ing human models wearing the garments. The DressCode
dataset is categorized into three classes: upper body, lower
body, and dresses. The testing experiments are conducted
under two settings: paired and unpaired. In the paired set-
ting, the input garment image and the garment worn by the
human model are the same item. Conversely, the human
model tries on different garment in the unpaired setting.
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Figure 3: Qualitative comparison of our proposed MC-DM with other baseline methods. Left: Comparison results on VITON-
HD (Choi et al. 2021). Right: Comparison results on DressCode (Morelli et al. 2022). Best viewed when zoomed in.

Input LR HR-VITON LaDI-VTON DCI-VTON StableVITON CAT-DM Ours LaDI-VTON CAT-DM OursIDM-VTONInput LR

Figure 4: Qualitative comparison of our proposed method with other baseline methods at 2K resolution using the VITON-HD
(Choi et al. 2021) and DressCode (Morelli et al. 2022). For baseline methods, we employ DiffBIR (Lin et al. 2024) for SR
reconstruction. Best viewed when zoomed in.

Baselines. To demonstrate the superiority of our proposed
method, we compare our method with a GAN-based virtual
try-on method: HR-VITON (Lee et al. 2022), a diffusion-
based inpainting method: Paint-by-Example (PBE) (Yang
et al. 2023), and five diffusion-based virtual try-on methods:
LaDI-VTON (Morelli et al. 2023), DCI-VTON (Gou et al.
2023), StableVITON (Kim et al. 2024), CAT-DM (Zeng
et al. 2024), and IDM-VTON (Choi et al. 2024). For a fair
comparison, all methods are evaluated on images with a
resolution of 512×384. For assessing the results of super-
resolution, we use DiffBIR (Lin et al. 2024) to perform 2×
or 4× upsampling on the try-on images generated by the
aforementioned comparison methods.

Evaluation Metrics. We conduct quantitative evaluations
under both unpaired and paired settings. Specifically, in the
unpaired setting, we employ the Fréchet Inception Distance
(FID) (Heusel et al. 2017) and Kernel Inception Distance
(KID) (Bińkowski et al. 2018) to evaluate the realism of the
generated results. In the paired setting, where ground truth is
available, we use the Learned Perceptual Image Patch Simi-
larity (LPIPS) (Zhang et al. 2018) and Structural Similarity
Index Measure (SSIM) (Wang et al. 2004) to assess the qual-
ity of the generated images.

Implementation Details. In the experiment, we train MC-
DM and SR-DM separately. Specifically, MC-DM is con-
ducted using two NVIDIA A6000 (48GB) GPUs with im-

Method SSIM ↑ LPIPS ↓ FID ↓ KID ↓
HR-VITON 0.878 0.1045 11.265 2.73
PBE 0.802 0.1428 11.939 3.85
LaDI-VTON 0.864 0.0964 9.480 1.99
DCI-VTON 0.880 0.0804 8.754 1.10
StableVITON 0.888 0.0732 8.233 0.49
CAT-DM 0.877 0.0803 8.933 1.37
IDM-VTON 0.872 0.1021 6.292 1.02
Ours 0.896 0.0636 6.062 0.58

Table 1: Quantitative results on VITON-HD (Choi et al.
2021). Bold and underline denote the best and the second
best result, respectively.

age resolutions of 512×384. We use the AdamW optimizer
with a learning rate set to 2e-5. SR-DM is trained on two
NVIDIA A100 (80GB) GPUs, employing the AdamW opti-
mizer with a learning rate of 5e-5. In MC-DM, we use Paint-
by-Example (Yang et al. 2023) as the frozen pre-trained dif-
fusion model. In SR-DM, we use IRControlNet (Lin et al.
2024) as the frozen pre-trained diffusion model.

Qualitative Results
We conduct a qualitative analysis under the unpaired set-
ting. Fig. 3 shows our method’s capability in generating
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Method DressCode-Upper DressCode-Lower DressCode-Dresses
SSIM ↑ LPIPS ↓ FID ↓ KID ↓ SSIM ↑ LPIPS ↓ FID ↓ KID ↓ SSIM ↑ LPIPS ↓ FID ↓ KID ↓

PBE 0.872 0.1209 20.32 7.01 0.804 0.2108 24.95 7.36 0.761 0.2516 31.25 19.09
LaDI-VTON 0.915 0.0649 17.40 5.92 0.910 0.0596 17.90 5.45 0.854 0.1076 16.13 4.76
CAT-DM 0.927 0.0507 12.62 1.89 0.902 0.0621 14.83 2.82 0.863 0.1091 14.30 3.36
IDM-VTON 0.921 0.0625 8.62 1.53 0.897 0.0813 12.37 2.09 0.856 0.1219 11.36 2.57
Ours 0.933 0.0494 8.48 1.10 0.910 0.0761 11.84 1.52 0.864 0.1090 10.92 2.19

Table 2: Quantitative results on DressCode (Morelli et al. 2022). Bold and underline denote the best and the second best result,
respectively.

Bare model w/ 𝑐!

w/ 𝑐" w/ 𝑐! & w/ 𝑐" Full model

Input

Figure 5: Qualitative results of different variant models
on the VITON-HD (Choi et al. 2021). Best viewed when
zoomed in.

Garment LR MC-DM+DiffBIR MC-DM+SR-DM

Figure 6: Qualitative results of MC-DM employing differ-
ent super-resolution models on the VITON-HD (Choi et al.
2021). Best viewed when zoomed in.

controllable try-on images. Compared to baseline methods,
our proposed MC-DM generates realistic images and effec-
tively preserves the original text, texture, and style of the
garments. Specifically, for the VITON-HD dataset, our MC-
DM method retains the text and patterns on the garments
more effectively than other diffusion-based virtual try-on

Figure 7: Qualitative comparisons on in-the-wild image. We
show generated virtual try-on images using our proposed
method compared with other methods. Our method outper-
forms other baseline methods in generating authentic im-
ages and preserving fine-grained details of garments. Best
viewed when zoomed in.

Method SSIM ↑ LPIPS ↓ FID ↓ KID ↓
StableVITON∗ 0.852 0.0927 6.085 0.42
CAT-DM∗ 0.830 0.1008 6.321 0.75
IDM-VTON∗ 0.834 0.0984 5.034 0.61
MC-DM∗ 0.847 0.0912 4.859 0.41
StableVITON+ 0.854 0.0871 5.650 0.39
CAT-DM+ 0.838 0.0959 5.910 0.64
IDM-VTON+ 0.840 0.0914 4.632 0.49
MC-DM+ 0.851 0.0857 4.386 0.37

Table 3: Quantitative results for the VITON-HD (Choi et al.
2021) using DiffBIR (*) (Lin et al. 2024) and SR-DM (+).
Bold and underline denote the best and the second best re-
sult, respectively.

methods. For the DressCode dataset, our method better pre-
serves garment styles, such as cuffs and pant legs, in the
generated try-on images. This indicates that our designed
MC-DM effectively controls the generation of try-on im-
ages and preserves complex detailed features about the gar-
ments. To evaluate the performance of super-resolution, we
employ DiffBIR (Lin et al. 2024) to perform 4× upsampling
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Variant SSIM ↑ LPIPS ↓ FID ↓ KID ↓
Bare Model 0.802 0.1428 11.939 3.85
w/ co 0.849 0.0931 8.887 1.46
w/ cd 0.851 0.0925 8.864 1.44
w/ co & w/ cd 0.878 0.0804 7.533 1.02
Full Model 0.896 0.0636 6.062 0.58

Table 4: Quantitative results of different variant models on
the VITON-HD (Choi et al. 2021). Bold and underline de-
note the best and the second best result, respectively.

Method SSIM ↑ LPIPS ↓ FID ↓ KID ↓
MC-DM+StableSR 0.845 0.0908 4.915 0.46
MC-DM+DiffBIR 0.847 0.0912 4.859 0.41
MC-DM+SUPIR 0.833 0.0945 4.712 0.43
MC-DM+SR-DM 0.851 0.0857 4.386 0.37

Table 5: Quantitative results of MC-DM employing differ-
ent super-resolution models on the VITON-HD (Choi et al.
2021). Bold and underline denote the best and the second
best result, respectively.

(512×384 to 2048×1536) on the try-on images generated
by baseline methods to achieve a 2K resolution, as shown
in Fig. 4. As can be seen, the 2K resolution try-on images
generated by our method effectively restore the original de-
tailed information of the garments. This is attributed to (1)
MC-DM can generate try-on images that preserve the orig-
inal garment details, and (2) our fine-tuning of the super-
resolution model specifically for the virtual try-on task.

Quantitative Results
Quantitative analysis is conducted under both the paired set-
ting (evaluated using SSIM and LPIPS) and the unpaired set-
ting (evaluated using FID and KID). As shown in Tab. 1 and
Tab. 2, our proposed method outperforms other methods on
most metrics, demonstrating its effectiveness in generating
high-quality and realistic try-on images. Tab. 3 reports the
quantitative metrics of various methods after reconstruction
using different SR techniques. Here, we perform a 2× up-
sampling (from 512×384 to 1024×768) to compute SSIM
and LPIPS metrics. As shown, our MC-DM exhibits excel-
lent performance across different SR methods, indicating
that the try-on images generated by MC-DM are highly con-
trollable. Furthermore, compared to the results reconstructed
using DiffBIR, the results reconstructed with our SR-DM
show further improvement, demonstrating that SR-DM can
further enhance the quality and realism of the try-on images.

Ablation Study
In this section, we conduct ablation studies on the vari-
ous modules of the proposed method using the VITON-HD
(Choi et al. 2021) dataset.

Effect of MC-DM. To validate the role of the multi-
control in MC-DM, we design five variant models: (1) with-
out any control, i.e., all ControlNet branches and the MIM
module are removed, named as Bare Model; (2) using only

the openpose ControlNet branch without the MIM module,
termed as w/ co; (3) using only the densepose ControlNet
branch without the MIM module, named as w/ cd; (4) us-
ing both the openpose and densepose ControlNet branches
without the MIM module, named as w/ co & w/ cd; (5) the
Full Model, which includes both the openpose and dense-
pose ControlNet branches along with the MIM module. The
results are shown in Fig. 5 and Tab. 4. As can be seen, the
Bare Model fails to effectively preserve the garment pat-
terns. Although w/ co and w/ cd can control the generation
of try-on images based on the garments, they cannot capture
the fine details of the garments. Compared to w/ co & w/ cd,
the Full Model, which includes the MIM module, generates
try-on images that effectively retain the details and style of
the garments. This indicates that the MIM module can suc-
cessfully integrate control variables into the frozen network.

Effect of SR-DM. To validate the effectiveness of SR-
DM, we replace SR-DM with another blind SR model, Sta-
bleSR (Wang et al. 2024), DiffBIR (Lin et al. 2024), and
SUPIR (Yu et al. 2024), to perform 4× upsampling on the
results generated by MC-DM. The results are shown in Fig.
6 and Tab. 5. We observe that DiffBIR fails to effectively
reconstruct the text and texture of the garments because it
lacks prior knowledge related to garments or human mod-
els. This results in distortion of the garments in the gener-
ated try-on images, as indicated by the red arrows in Fig.
6. In contrast, SR-DM is fine-tuned using a large number of
garment and human model images and employs DINO-V2
as the feature extractor for ControlNet. Consequently, SR-
DM can effectively reconstruct the detailed information of
the garments. Previous study (Zeng et al. 2024) has demon-
strated that using DINO-V2 as the extractor in ControlNet
outperforms alternatives like CLIP (Radford et al. 2021), IP-
Adapter (Ye et al. 2023), and SeeCoder (Xu et al. 2024).

Results on In-the-Wild Image
We evaluate our method on the challenging in-the-wild im-
ages, comparing it with other diffusion-based VTON meth-
ods, StableVITON and IDM-VTON. Fig. 7 shows the results
of customizing a pair of garment and human model images.
As can be seen, compared to other methods, our method not
only preserves the garment patterns but also accurately gen-
erates complex details, such as text and designs on the gar-
ments, which demonstrates that our method is well-suited
for application in real-world scenarios.

Conclusion
In this paper, we propose a Cascaded Diffusion Model for
virtual try-on, which consists of the Multi-Conditioned Dif-
fusion Model (MC-DM) and the Super-Resolution Diffu-
sion Model (SR-DM). The MC-DM utilizes a multi-control
integration module to generate try-on images that preserve
the garment’s identity. The SR-DM enhances the resolu-
tion of the try-on images to meet the requirements of
practical applications. Extensive experiments across various
datasets demonstrate that our method outperforms previous
approaches in both preserving garment details and generat-
ing high-resolution try-on images.
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