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Fig. 1: D4-VTON excels with two innovations: i) Dynamic Semantics Disentangling
Modules aggregate abstract semantic information for precise garment warping. ii) A
di�usion-based framework integrating a Di�erential Information Tracking Path reduces
learning ambiguities, enhancing accuracy in �tting garment types and body shapes.

Abstract. In this paper, we introduce D4-VTON, an innovative solu-
tion for image-based virtual try-on. We address challenges from previ-
ous studies, such as semantic inconsistencies before and after garment
warping, and reliance on static, annotation-driven clothing parsers. Ad-
ditionally, we tackle the complexities in di�usion-based VTON models
when handling simultaneous tasks like inpainting and denoising. Our ap-
proach utilizes two key technologies: Firstly, Dynamic Semantics Disen-
tangling Modules (DSDMs) extract abstract semantic information from
garments to create distinct local �ows, improving precise garment warp-
ing in a self-discovered manner. Secondly, by integrating a Di�erential
Information Tracking Path (DITP), we establish a novel di�usion-based
VTON paradigm. This path captures di�erential information between
incomplete try-on inputs and their complete versions, enabling the net-
work to handle multiple degradations independently, thereby minimiz-
ing learning ambiguities and achieving realistic results with minimal
overhead. Extensive experiments demonstrate that D4-VTON signi�-
cantly outperforms existing methods in both quantitative metrics and
qualitative evaluations, demonstrating its capability in generating re-
alistic images and ensuring semantic consistency. Code is available at
https://github.com/Jerome-Young/D4-VTON.
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1 Introduction

With the rise of online shopping, image-driven virtual try-on (VTON) tasks have
garnered signi�cant interest due to their vast potential applications. The goal
is to generate realistic try-on results given an image of clothing and a reference
human image. This task hinges on two key aspects: �rst, accurately warping
the clothing to align with the human body while preserving its appearance and
texture details; and second, seamlessly integrating the warped clothing with the
human �gure to produce a lifelike result. Most existing methods [7, 8, 11�13,19,
39] typically address these aspects in two stages: i) the warping stage, where
the clothing is deformed to �t the body, and ii) the synthesis stage, where the
incomplete human image is combined with the warped clothing to obtain the
�nal try-on result.

Despite their advancements, current methods still have two primary limita-
tions. Firstly, in the warping stage, they often use Thin Plate Splines (TPS) [3] or
appearance �ows [46] to warp garments. However, these techniques primarily fo-
cus on globally aligning clothing with the human body, overlooking local seman-
tic variations in garment deformation. Speci�cally, they apply uniform deforma-
tion mappings across all clothing components, potentially sacri�cing the �delity
of texture patterns (see the red box in Fig. 1). Recently, approaches [4, 19, 39]
have sought to mitigate this issue by using clothing parsers to segment garments
into semantic regions and learn distinct deformation mappings for each. How-
ever, training these parsers requires annotated semantics, which is both time-
consuming and challenging to de�ne appropriate semantic regions for precise
deformation. Moreover, predictions made by the parsers are static during the
garment deformation stage, hindering the correction of estimation errors.

Secondly, in the synthesis stage, methods typically employ generative models
such as Generative Adversarial Networks (GANs) [6,9,32,42,47] or di�usion mod-
els [14,27]. Unlike GANs [8,18,29,39], which can yield unrealistic outcomes (see
the green box in Fig. 1), di�usion models leverage conditional guidance, provide
more stable training, and integrate broader domain knowledge for generating
high-quality results. However, VTON methods using di�usion models [10,19,23]
face a complex task in this phase, necessitating simultaneous optimization of the
model's denoising and inpainting processes for e�ective try-on results. Existing
approaches often lack speci�c objectives tailored for these tasks. For instance,
DCI-VTON [10] utilizes distinct inputs to train denoising and inpainting pro-
cesses separately within a shared model but relies on inherently similar guidance
from ground truth images for both tasks. This approach may introduce learning
ambiguities that impact the accurate reconstruction of synthesis results, includ-
ing garment (see the orange box in Fig. 1) and human body reconstructions
(shown at the bottom of Fig. 1). Hence, there is a pressing need to pioneer a
new virtual try-on paradigm anchored in di�usion models.

In this paper, we present D4-VTON, a novel Virtual Try-ON solution that
combines aDynamic semanticsDisentangling technique and aDi�erentialDi�u-
sion based framework to address the above issues. Inspired by previous studies
on segment-level grouping [34,41], which assume similar semantic information is
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shared among a subset of channels in feature maps, our disentangling approach
leverages the self-similarity of garment features to dynamically form distinct
groups of abstract semantics. This enables the independent learning of local
�ows for each group, guiding garment deformation in a semantically disentan-
gled manner beyond reliance on clothing parsers. Consequently, it enhances the
accuracy of pattern deformation while achieving global alignment of the garment
with the human body.

Additionally, our di�usion framework introduces a di�erential information
tracking path that monitors the di�erence between complete and incomplete
noisy inputs during the synthesis stage. Unlike previous methods that jointly
restore multiple degradations (i.e., denoising and inpainting), our approach sep-
arates these processes. By utilizing di�erential information, we �rst �ll in the in-
complete noisy input and then denoise the completed result, thus alleviating the
learning ambiguities caused by simultaneous optimization. Comprehensive ex-
periments demonstrate that D4-VTON surpasses state-of-the-art methods both
quantitatively and qualitatively on several benchmarks, showcasing its superior-
ity in generating realistic try-on results with precise semantic consistency.

In summary, our key contributions are as follows:

� We present D4-VTON, a virtual try-on model that e�ectively preserves gar-
ment texture patterns after warping and produces high-�delity try-on results
through an advanced synthesis process.

� We introduce dynamic semantics disentangling modules (DSDMs) that lever-
ages the self-similarity of garment features to independently learn local �ows,
enabling semantically disentangled garment deformation.

� We propose a novel di�usion paradigm for VTON that minimizing learn-
ing ambiguities caused by multi-degradation restoration and enhances the
synthesis performance by di�erential information tracking.

� We surpass state-of-the-art methods by a signi�cant margin on multiple
benchmarks quantitatively, while also demonstrating the realism and accu-
racy of our try-on results in qualitative evaluations.

2 Related Work

Image-based Virtual Try-on. To improve the accuracy of try-on results, most
existing VTON methods [1, 7, 8, 11�13, 18, 19, 39, 40] focus on designing robust
warping networks. For example, VITON [12] and CP-VTON [36] use Thin Plate
Splines (TPS) to �t garment deformations, but TPS relies on sparse point cor-
respondences, making it inadequate for complex poses and occlusions. Cloth-
Flow [11] addresses this by introducing appearance �ow, which predicts dense
pixel correspondences to better capture complex deformations. ACGPN [44] pre-
serves unchanged regions by replacing the clothing-agnostic image with a seman-
tic segmentation map. PF-AFN [8] reduces reliance on parsers through knowl-
edge distillation, and StyleFlow [13] employs the StyleGAN [16] architecture
to capture global contextual information. However, these methods primarily fo-
cus on geometrically aligning garments with the body, neglecting local garment
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pattern deformations, leading to texture distortion. In contrast, our method
introduces DSDMs to independently learn local �ows for di�erent semantics,
achieving more accurate garment deformation, particularly in texture details.
Segment-level Grouping Strategies. Segment-level grouping strategies are
crucial for manipulating di�erent parts of an image, widely used in object detec-
tion, semantic segmentation, and image synthesis. For instance, Grouplane [20]
uses group detection for one-to-one matching with ground truth in lane line pre-
diction, while CGFormer [34] captures instance-level information via grouping
tokens for referring image segmentation. iPOSE [38] learns object part maps
through a few-shot regime for semantic image synthesis. However, these meth-
ods rely on supervised information, which is time-consuming to collect for virtual
try-on tasks.

In virtual try-on, GP-VTON [39] deforms clothing by independently warping
the left sleeve, right sleeve, and torso to address adhesive issues. KGI [19] and
COTTON [4] further divide upper garments into �ve parts�left lower, left up-
per, middle, right lower, and right upper�for more precise deformation. These
methods depend on parsers for grouping, introducing unavoidable errors and
restricting group granularity due to limited semantic annotations. In contrast,
our DSDM captures abstract semantics in a self-discovered manner, enhancing
clothing deformation realism without relying on parsers.
Di�usion Models. The popularity of di�usion models stems from the intro-
duction of the denoising di�usion probabilistic model (DDPM) [14, 31], which
hypothesize two Markov chains: one progressively adding noise to an image until
it approximates a Gaussian distribution, and the other reversing this process.
However, the slow sampling speed of DDPMs limits their application. DDIM [33]
addresses this by transforming the sampling process into a non-Markovian one
to accelerate it. To reduce the computational burden of training with high-
resolution images, LDM [27] encodes images into latent space and uses condi-
tional guidance to generate controllable, diverse results.

Di�usion-based virtual try-on methods have surpassed GAN-based methods,
becoming mainstream due to their high-quality, realistic outputs. KGI [19] uses
a content-keeping mask to preserve realistic textures of deformed clothing, but
this can cause �copy and paste� artifacts at the clothing-body boundaries. LADI-
VTON [23] employs textual inversion for better accuracy, yet textual information
often fails to capture speci�c clothing patterns. DCI-VTON [10] introduces a
dual-branch di�usion model for denoising and inpainting incomplete noisy inputs
simultaneously. However, the di�ering inputs and intrinsically similar objectives
of the branches can lead to optimization con�icts. In contrast, our method uses
di�erential information tracking to separately recover multiple degradations with
distinct objectives for di�erent inputs, reducing learning ambiguities.

3 Methods

We adopt a two-stage framework for the virtual try-on task with two main goals:
1) to disentangle garment semantics in a self-discovered manner and learn local
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Fig. 2: Overall pipeline of D4-VTON. The deformation network takes the garment
image G and conditional triplet O to generate local �ows via DSDMs. Utilizing the
�nal �ows, we warp the garment features l0 and decode them into the warped garment
Gω, which is then combined with the clothing-agnostic image to create I ′ as the input
for the synthesis network. By tracking di�erential information via DITP, we separately
perform inpainting and denoising on the latents to produce the try-on result Î.

�ows for each, and 2) to design a new di�usion paradigm to avoid learning
ambiguities in the synthesis stage. Fig. 2 illustrates the overall pipeline of the
proposed D4-VTON.

In our deformation network, we �rst take the garment image G and the condi-
tion triplet O (human pose, densepose pose, and preserve region mask) as input.
We use two feature pyramid networks (FPN) [21], Eg(·) and Eo(·), to extract
multi-scale features {g1, g2, · · · , gN} = Eg(G) and {o1, o2, · · · , oN} = Eo(O)1.
These features, along with garment features {l1, l2, · · · , lN} from a lightweight
encoder ϕ(·), where li = ϕ(D(G, i)) and D(G, i) denotes the i-th downsampled
result of G, are processed by our Dynamic Semantics Disentangling Module
(DSDM) to generate local �ows and attention maps from coarse to �ne. The �-
nal predicted �ows and attention maps warp the garment features l0 and decode
them into the warped garmentGw. It is then combined with the clothing-agnostic
image to obtain I ′ as input for the synthesis network. By leveraging di�erential
information tracking, we avoid learning ambiguities by separately performing de-
noising and inpainting tasks in the reverse process of the di�usion model, rather
than restoring multiple degradations simultaneously, to generate the �nal try-on
result Î.

3.1 Dynamic Semantics Disentangling Module

Our DSDM consists of three main components: 1) Dynamic Semantics Selector,
which generates masks to dynamically select and aggregate feature channels with

1 For simplicity, we illustrate the case with N=3 in Fig. 2.
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Fig. 3: Illustration of the Dynamic Semantics Selector, the Group Warping Block, and
the training pipeline of the di�erential di�usion based synthesis network.

similar semantics; 2) Group Warping Block, responsible for generating �ows and
attention maps for di�erent channel groups; and 3) Disentangled Warping Op-
eration, which uses the selection mask and predicted �ows and attention maps
to deform garment features.
Dynamic Semantics Selector. To dynamically select feature channels that
capture similar semantics, we use the self-similarity of garment features to un-
supervisedly generate selection masks indicating each channel's semantic group.
Speci�cally, for the feature li ∈ RQ×H×W at the i-th scale, with a prede�ned
number of groups K, we pass it through two convolutional layers, Conv_1(·)
and Conv_2(·), using K and Q kernels of size 3× 3 respectively, to obtain two
sets of features from the garment. We then �atten these two features into matri-
ces: S1

i ∈ RK×HW , which represents K abstract semantics, and S2
i ∈ RQ×HW ,

capturing the garment features. Subsequently, we can obtain the self-similarity
matrix Si

self ∈ RK×Q, which can be calculated as

Si
self = S1

i · S2
i . (1)

In matrix Si
self , each element indicates how each channel responds to a speci�c

semantic. We determine the semantic group for each channel by �ltering based on
these responses. This operation employs Gumbel-Softmax [15,22], a di�erentiable
method ensuring exclusive assignment of each channel to a distinct group. This
process can be formulated as follows:

mi
soft = softmax((Si

self +Agumbel)/ τ),

mi
hard = onehot(argmax

K
(mi

soft)),

mi
l = (mi

hard)
⊤ − sg(mi

soft) +mi
soft,

(2)
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where Agumbel ∈ RK×Q is sampled from a Gumbel(0, 1) distribution, and τ
is a learnable temperature parameter. The operation argmaxK(·) selects the
maximum element value along each column of the K ×Q matrix. The onehot(·)
function converts the soft distribution into Q one-hot vectors, and sg(·) denotes
the stop gradient operation. Note that besides using the selection maskmi

l during
the decoding of warped features, we also need a selection mask within each group
warping block to facilitate learning local �ows in a coarse-to-�ne manner. To
ensure dimensional compatibility in computations, our selector adjusts Si

self to
match the required dimensions before applying the Gumbel-Softmax operation
to derive the mask mi

g. Fig. 3(A) illustrates the speci�cs of the selector.
Group Warping Block. Our Group Warping Block (GWB) cascades a coarse
estimator Ec(·) and a �ne estimator Ef (·) for coarse/�ne �ows estimation, as
illustrated in Fig. 3(B). Speci�cally, for the features gi and oi at the i-th scale,
we �rst compute the coarse �ow F i

c and the attention map aic as follows:

{F i
c , a

i
c} = Ei

c(gi, oi). (3)

Next, we use the coarse and �ne �ows F i
c , F

i+1
f , the attention map aic, and the

selection mask mi
g to warp the garment features gi in a disentangled manner,

formulated as follows:

ĝi = Wdis(F
i
c , F

i+1
f , aic,m

i
g, gi), (4)

where Wdis(·) denotes our disentangled warping operation, which will be ex-
plained later. Similar to Eq. (3), we then use the warped features ĝi and oi to
obtain the local �ne �ow F i

f and the attention map aif :

{F i
f , a

i
f} = Ei

f (ĝi, oi), (5)

Note that each GWB is used for a local �ow estimation corresponding to a spe-
ci�c group of semantic, and thus a DSDM contains K such blocks.
Disentangled Warping Operation. Now we elaborate on how Wdis(·) de-
forms the features. This operation is used in two places: �rst, within the GWB
to generate intermediate warped features ĝi for obtaining local �ne �ows; second,
for generating warped garment features used for decoding.

For the former case, we �rst use F i
c to warp the �ne �ow F i+1

f generated by
the corresponding GWB from the previous level, that is

F i′
c = G(F i

c , F
i+1
f ), (6)

where G(·) denotes the grid-sampling operator. Consequently, F i′
c can integrate

�ow information from multi-scale features. Note that this operation is not per-
formed at the N -th scale.

Next, we aggregate the features from di�erent groups using their correspond-
ing �ow, attention map, and their respective group indicators (i.e., the corre-
sponding row of the selection mask) to form intermediate warped features. For
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the i-th scale, this process can be formulated as follows:

ĝi =

K∑
j=1

exp(ajc)∑K
k=1 exp(a

k
c )

G(F i′
c,j , gi ⊙mi

g(j, :)), (7)

where ⊙ denotes the replication and dot product operation. This allows the
warping operation to apply di�erent local �ows for di�erent semantics.

On the other hand, the warped garment features l̂i, used for decoding, are
obtained through a process similar to that in Eq. (6) and (7). The only di�erence
is that here we use F i

f to warp F i
c �rst, and it can be formulated as follows:

l̂i = Wdis(F
i
f , F

i
c , a

i
f ,m

i
l, li). (8)

Learning Objectives. We optimize the deformation network by comparing
the similarity between the generated warped garment at all scales and their
corresponding ground truth. Since �ow deformation occurs in the feature space,
we obtain smooth results without the need for any constraints or regularization
on the �ow [1]. The total learning objective including three terms: Lmae, Lprec,
and Lstyle, which is de�ned as follows:

Ldef = Lmae + Lprec + λstyleLstyle, (9)

where λstyle is a balance factor. Speci�cally, Lmae is de�ned as follows:

Lmae = ∥Gω − Iω∥1, (10)

where ∥ · ∥1 denotes the L1 distance, and Iω indicates the ground truth warped
garment image. Lprec computes the L1 distance of the feature maps using VGG-
19 [30]:

Lprec =
∑
i

∥Φi(Gω)− Φi(Iω)∥1, (11)

where Φi(·) represents the feature map at the i-th layer of VGG-19 Φ(·). Addi-
tionally, Lstyle is calculated as follows:

Lstyle =
∑
i

∥GramΦi
(Gω)−GramΦi

(Iω)∥1, (12)

where GramΦi
(·) denotes the Gram matrix of the feature maps from the i-th

layer of Φ(·).

3.2 Di�erential Di�usion based VTON

After obtaining the warped garment, D4-VTON uses a di�usion model to syn-
thesize the try-on result. Images o�er precise details and spatial information
lacking in text conditions, prompting our synthesis network to adopt the archi-
tecture of PBE [43] with its pretrained parameters. PBE, trained on millions of
images, excels in image inpainting with similar semantics and styles conditioned
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on exemplar images. However, for virtual try-on tasks, precisely reconstructing
garment patterns solely from exemplar images proves inadequate [10]. To address
this, we propose a novel di�usion pipeline featuring two paths: one for denoising
and another for inpainting.

The denoising path takes the ground truth human image I as input, while the
inpainting path utilizes I ′, created by integrating the warped garment into the
clothing-agnostic image. Notably, I ′ is also incorporated as a condition concate-
nated with both inputs at each training step to guide generation. However, the
standard objective, which measures the similarity between predictions (noises or
clean and completed images) and ground truths, con�icts with simultaneously
managing these two distinct tasks�denoising and inpainting�across di�erent
paths, potentially causing learning ambiguities. Therefore, we introduce a Dif-
ferential Information Tracking Path (DITP) to replace a simplistic inpainting
path. Along this path, the objective is not to reconstruct noises or clean and
completed images, but rather to understand the distinctions between inputs from
both paths. This approach allows us to initially complete I ′ in the latent space
using these distinctions, followed by separate denoising of the resulting latents,
e�ectively addressing multiple degradations and mitigating learning ambiguities.
Fig. 3(C) outlines the training pipeline of our proposed di�usion framework.
Denoising Path. Similar to the training method of vanilla LDM, the denois-
ing path begins by initiating the di�usion process on a given human image I,
resulting in the latent code zt at the t-th timestep using a pre-trained VAE en-
coder [17]. Subsequently, this latent code zt is fed into the U-Net architecture
ϵθ(·), alongside the latent code zω corresponding to I ′. Guided by the global
condition q = CLIP(G), Ldng directs the learning process by quantifying the L2

distance between the prediction and the ground truth noise ϵ:

Ldng = Ez0,zω,M,q,t[∥ϵ− ϵθ(zt, zω,M, q, t)∥2], (13)

where M denotes the downsampled inpainting mask adjusted to match the la-
tent dimensions.
Di�erential Information Tracking Path. We e�ectively capture the di�er-
ential information between the latent code zt and its incomplete counterpart z′t
using DITP, with minimal increase in parameter count. Speci�cally, we introduce
a lightweight di�erential mapper (DM) deployed just before the output layer of

the last U-Net block to predict the di�erential information ∆dif
t . This is guided

by a simple loss term Ldif = ∥zt − z′t∥2. In addition to addressing the issue of
restoring multiple degradations jointly, DITP enables us to generate an extra
set of inputs {∆dif

t + z′t, zω} for the denoising path, ensuring homogeneity of the
training data under the same reconstruction loss, while simultaneously enriching
the denoising path's training dataset.

Finally, the overall objective Lsyn for our synthesis network is de�ned as
follows:

Lsyn = Lrec + γdifLdif + γMAELMAE + γPRECLPREC , (14)
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where Lrec = ∥ϵ− ϵθ(zt,∆
dif
t + z′t, zω,M, q, t)∥2 now rede�nes Ldng. LMAE and

LPREC are based the try-on result Î similar to previous work [10], and γdif ,
γMAE , and γPREC are hyperparameters.

4 Experiments

Datasets. We evaluate the proposed method on two most popular datasets,
VITON-HD [5] and DressCode [24]. The VITON-HD dataset is collected for
high-resolution virtual try-on tasks, consisting of 11,647 image pairs in the train-
ing set and 2,032 pairs in the testing set. The DressCode dataset includes three
categories�dress, upper, and lower�with a combined total of 48,392 training
image pairs and 5,400 testing pairs. Both datasets include in-shop garment im-
ages and corresponding ground truth human images.
Baselines and Evaluation metrics. We compared our method against vari-
ous state-of-the-art approaches, including CNN-based (SDAFN [1]), GAN-based
(PF-AFN [8], FS-VTON [13], HR-VTON [18], GP-VTON [39], SD-VTON [29]),
and di�usion-based methods (LADI-VTON [23], DCI-VTON [10]). GP-VTON
and SD-VTON results were obtained from their o�cial checkpoints, while the
others were retrained using their o�cial codes to achieve results at a resolution
of 512×384.

We conducted evaluations using two testing settings: paired, where a gar-
ment image reconstructs the image of the person originally wearing it, and un-
paired, which involves changing the garment worn by a person's image. For both
evaluation settings, we utilized two widely-used metrics: Frechet Inception Dis-
tance (FID) [25] and Kernel Inception Distance (KID) [2]. Additionally, in the
paired setting where ground truth is available for comparison, we included Peak
Signal-to-Noise Ratio (PSNR), Structural Similarity (SSIM) [37], and Learned
Perceptual Image Patch Similarity (LPIPS) [45] to assess the accuracy of the
try-on results. Furthermore, we incorporated user studies to capture human per-
ception, providing a comprehensive comparison across all evaluated methods.
Quantitative Results. In Tab. 1, we present the quantitative results on the
VITON-HD dataset compared to all comparisons. For the paired setting, D4-
VTON surpasses the second-best method by 0.70dB and 0.004 on PSNR and
SSIM, respectively, indicating more accurate results for the warped garments
and the try-on outcomes. More importantly, our method demonstrates strong
generality in the unpaired setting, with improvements of 0.224 in FIDu and 0.43
in KIDu over the second-best method. Additionally, D4-VTON shows signi�-
cant improvements in FIDp, KIDp and LPIPS metrics, further highlighting its
advanced performance in terms of perceptual quality.

Tab. 2 summarizes the quantitative comparison of D4-VTON with other
methods on the DressCode dataset. For DressCode-Upper and DressCode-Lower,
our method achieves superior results across all metrics. For DressCode-Dresses,
D4-VTON outperforms other methods on all unpaired metrics. In the paired set-
ting, D4-VTON shows the best performance on most metrics, except for FIDp

and KIDp, where it is slightly outperformed by SDAFN and GP-VTON. This
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Method FIDu↓ KIDu↓ FIDp↓ KIDp↓ PSNRp↑ SSIMp↑ LPIPSp↓

PF-AFN [8] 9.654 1.04 6.554 0.81 23.54 0.888 0.087

FS-VTON [13] 9.908 1.10 6.170 0.69 23.79 0.886 0.074

HR-VTON [18] 13.265 4.38 11.383 3.52 21.61 0.865 0.122

SDAFN [1] 9.782 1.11 6.605 0.83 23.24 0.880 0.082

GP-VTON [39] 9.365 0.79 6.031 0.60 23.41 0.885 0.080

LADI-VTON [23] 9.346 1.66 6.602 1.09 22.49 0.866 0.094

DCI-VTON [10] 8.754 0.68 5.521 0.41 24.01 0.882 0.080

SD-VTON [29] 9.846 1.39 6.986 1.00 22.73 0.874 0.101

Ours 8.530 0.25 4.845 0.04 24.71 0.892 0.065

Table 1: Quantitative comparisons on VITON-HD dataset [5]. Subscripts u and p
denote the unpaired and paired settings, respectively. The best results are highlighted
in bold and the second best are underlined.

Dataset DressCode-Upper DressCode-Lower DressCode-Dresses

Method FIDu/p ↓ KIDu/p ↓ PSNR ↑ SSIM ↑ LPIPS ↓ FIDu/p ↓ KIDu/p ↓ PSNR ↑ SSIM ↑ LPIPS ↓ FIDu/p ↓ KIDu/p ↓ PSNR ↑ SSIM ↑ LPIPS ↓

PF-AFN [8] 17.581/7.384 6.66/1.98 26.87 0.940 0.037 19.857/9.541 8.32/2.54 26.55 0.930 0.056 19.824/11.269 8.56/3.26 23.80 0.885 0.074

FS-VTON [13] 16.342/11.293 5.93/3.65 26.32 0.941 0.035 22.432/11.652 9.81/3.82 26.38 0.934 0.053 20.950/13.044 8.96/4.44 22.18 0.888 0.070

HR-VITON [18] 16.824/15.365 5.70/5.27 21.92 0.916 0.071 16.392/11.409 4.31/3.20 25.96 0.937 0.045 18.812/16.821 5.41/4.89 21.06 0.865 0.113

SDAFN [1] 11.734/8.053 1.09/0.67 27.01 0.936 0.039 16.089/7.144 3.07/0.55 27.24 0.933 0.049 12.548/7.915 1.27/0.45 24.05 0.879 0.082

GP-VTON [39] 12.208/7.380 1.19/0.74 26.48 0.945 0.036 16.700/7.733 2.89/0.71 25.23 0.938 0.042 12.643/7.442 1.83/0.32 22.56 0.881 0.073

DCI-VTON [10] 11.640/7.466 0.86/1.07 27.14 0.942 0.041 15.450/7.969 1.60/0.96 26.61 0.939 0.045 12.348/8.484 1.36/1.08 24.07 0.887 0.070

Ours 10.995/6.548 0.30/0.23 27.25 0.946 0.032 14.855/6.677 1.50/0.04 27.62 0.946 0.033 12.289/8.276 1.14/1.07 24.48 0.890 0.061

Table 2: Quantitative comparisons on DressCode dataset [24]. Subscripts u and p
denote the unpaired and paired settings, respectively. The best results are highlighted
in bold and the second best are underlined.

may suggest that SDAFN and GP-VTON are over�tting, resulting in better
paired performance but weaker unpaired results.
Qualitative Results.We also qualitatively compared our approach with other
methods on the VITON-HD and DressCode datasets, as shown in Fig. 4 and
Fig. 5. It can be observed that GAN-based methods struggle to generate realis-
tic human body parts, such as arms or abdomen. SDAFN, a purely CNN-based
method, performs well on the DressCode dataset with simple poses but struggles
with scenarios lacking detailed body shape and skin color information, such as
the VITON-HD dataset, leading to unconvincing results. GP-VTON e�ectively
preserves garment textures by learning masks, but this approach results in no-
ticeable "copy and paste" artifacts. Among di�usion methods, LADI-VTON fails
to capture the accurate texture of the target garment due to misleading textual
information, producing try-on results that di�er signi�cantly from the target gar-
ment. Although DCI-VTON incorporates the garment image as a condition, it
fails to distinguish the garment's semantics, resulting in locally distorted outputs.
In comparison, D4-VTON applies multiple local �ows via the dynamic semantics
disentangling technique, resulting in more accurate warped results. Besides, the
design of DITP helps D4-VTON narrow the gap between incomplete and com-
plete latents, alleviating the di�culty of restoring multiple degradations. This
leads to try-on results that are more realistic and consistent with garment types.
Ablation Study. To demonstrate the e�ectiveness of our DSDM, we conducted
experiments using three di�erent settings to train the deformation network:
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PF-AFN
Person

(Garment)
FS-VTON HR-VTON SDAFN GP-VTON

LADI-

VTON
DCI-VTON SD-VTON OursPF-AFN

Person

(Garment)
FS-VTON HR-VTON SDAFN GP-VTON

LADI-

VTON
DCI-VTON SD-VTON Ours

Fig. 4: Qualitative comparison on VITON-HD dataset [5]. Please zoom in for a better
view.

Vanilla, with �xed grouping, and with DSDM. In the �xed grouping setting, we
evenly divided all channels sequentially without using the Dynamic Semantics
Selector. The results, shown in the upper part of Tab. 3, demonstrate signi�-
cant improvements, indicated by the symbol † on metrics evaluated on warped
garment items, even with the simple �xed grouping approach. This validates
the e�ectiveness of our semantics grouping design. With the full incorporation
of DSDM, we achieve the most accurate and perceptually friendly deformation
results.

We also present the evaluation of the �nal try-on results in the lower part
of Tab. 3, with variants marked by the symbol ⋆. Upon introducing DSDMs
into the vanilla baseline, we observe signi�cant improvements across all met-
rics, thereby demonstrating the e�ectiveness of our DSDM again. Importantly,
even without explicit supervision for optimizing �ows speci�c to semantics, our
DSDM e�ectively implements meaningful semantics grouping. This is illustrated
in Fig. 6, which visualizes the �ne attention map af from the last DSDM for
several groups. It is evident that channels with similar semantic information are
grouped together by the DSDM, while those with di�erent semantic information
are separated for local warping. Speci�cally, Group 2 captures global garment
information, Group 5 identi�es patterns, Group 7 focuses on garment contour
information, and Group 8 includes supplementary details. We further provide
a qualitative comparison of warped results against two representative methods,
DCI-VTON and GP-VTON, in Fig. 7. DCI-VTON exhibits texture squeezing
and stretching phenomena, whereas GP-VTON mitigates texture squeezing us-
ing dynamic gradient truncation but still experiences stretching in the sleeve
area. In contrast, our method e�ectively avoids these issues.

On the other hand, the e�ectiveness of the proposed DITP can also be ob-
served in the lower part of Tab. 3. The setting �w/ DSDM & DITP-� indicates
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using DSDM while removing the denoising path, whereas �w/ DSDM & DITP�
represents our full model. We observed that the former setting improves perfor-
mance in the paired setting but notably underperforms in the unpaired setting.
This emphasizes the importance of the denoising path in enhancing the generality
of the entire framework, as demonstrated in the latter setting. More importantly,
both settings incorporating DITP show substantial improvements compared to
other variants, validating its e�ectiveness. Additional qualitative ablation results
are provided in the supplementary materials.

PF-AFNPerson
(Garment) FS-VTON HR-VTON SDAFN GP-VTON DCI-VTON Ours PF-AFNPerson

(Garment) FS-VTON HR-VTON SDAFN GP-VTON DCI-VTON Ours

Fig. 5: Qualitative comparison on DressCode [24]. Categories in each row from top to
bottom are upper, lower, and dresses, respectively. Please zoom in for a better view.

Person Garment Result Group 2 Group 5 Group 7 Group 8
Fig. 6: Visualization of di�erent groups of the attention map generated by the �nal
DSDM. Each map demonstrates distinct semantic responses.

5 Limitation

Despite D4-VTON demonstrating powerful capabilities in virtual try-on tasks,
there are still limitations, as illustrated by some failure cases in Fig. 8. When
dealing with garments that are partially obscured from view, such as the right
sleeve, our DSDM may struggle to understand the missing semantic components.
Consequently, it may generate incorrect shapes in the warped garment or incor-
rectly stretch or replicate textures from other semantic areas, such as the torso.
Addressing these challenges remains a focus for our future work.
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Variant FIDu↓ FIDp↓ PSNR↑ SSIM↑ LPIPS↓

†Vanilla - 16.093 23.68 0.884 0.097
†w/ �xed grouping - 14.941 24.96 0.895 0.087
†w/ DSDM - 13.902 25.18 0.901 0.083

⋆Vanilla 8.754 5.521 24.01 0.882 0.080
⋆w/ DSDM 8.639 5.079 24.45 0.888 0.071
⋆w/ DSDM & DITP- 9.032 5.271 24.97 0.893 0.062

⋆w/ DSDM & DITP 8.530 4.845 24.71 0.892 0.065

Table 3: Ablation study on VITON-HD
dataset [5]. Variants marked with † are evalu-
ated on the warped results, and those marked
with ⋆ are evaluated on the try-on results.
The best results are in bold, and the second
best are underlined.

Person Garment DCI-VTON GP-VTON Ours

Fig. 7: Visual comparison of warped gar-
ments. The texture within the red box ap-
pears stretched or squeezed.

Person Garment Warped Result Person Garment Warped Result

Fig. 8: Visualization of failure cases.

6 Conclusion

In this paper, we propose a novel virtual try-on method, D4-VTON, which pri-
marily incorporates two key techniques: the Dynamic Semantics Disentangling
Module and Di�erential Information Tracking. While the former leverages self-
discovered semantics aggregation to enhance garment warping, the latter cap-
tures di�erential information to mitigate learning ambiguities caused by restora-
tion for multiple degradations in a di�usion-based virtual try-on framework
with negligible overhead. Comprehensive experiments validate the e�ectiveness
of these techniques in both quantitative and qualitative evaluations.
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