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Abstract

The garment structure serves as a crucial medium for express-
ing the designer’s creative vision and showcasing the distinc-
tive character of clothing items. Effective editing of garment
structure in fashion images allows for an advanced preview
of the design, accelerating the process of garment customiza-
tion to meet individualized requirements. Although large-
scale diffusion models have demonstrated impressive image
generation and editing capabilities, no efforts have been made
to exploit their potential in part-level editing of images. Un-
like previous research, we define a clothing structure editing
(CSE) task aimed at accurately editing the local structure of
human-centered clothing images through simple instruction-
based prompts while maintaining the consistency of cloth-
ing appearance. Specifically, this paper develops a new con-
trollable triple-flow framework for structure editing named
Fashion-Tailor. An additional network called ClothingNet is
proposed to extract the clothing details to address the rigid
constraints of the original garment structure. Then, we pro-
pose a semantic-refined module to extract the semantic under-
standing of the source image and adaptively focus on the part
to be edited. We also design a cross-blend attention mech-
anism to integrate fine-grained clothing features to guaran-
tee precise alignment between appearance and target structure
features. In addition, a garment structure dataset called Struc-
tureFashion has been collated, wherein each item of cloth-
ing is represented by multiple photos with diverse structure
characteristics, containing over six million pairs. Finally, our
method supports editing the structure of multiple parts on a
garment simultaneously. Extensive experiments validate the
effectiveness of our meth-od for editing part-level human im-
ages in StructureFashion dataset and real-scenarios.

Introduction

The rise of e-commerce and artificial intelligence is trans-
forming how consumers purchase clothing, making bespoke
clothing production increasingly popular (Nobile and Can-
toni 2023). However, the bespoke clothing process is usu-
ally complex and challenging for both consumers and mer-
chants. Consumers often need design alterations, reworks,
and even chargebacks due to the difficulty in visualizing how
a garment looks when worn. For merchants, hiring mod-
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Figure 1: Structure editing results generated by Fashion-
Tailor, which enables the editing of multiple parts of arbi-
trary garments simultaneously. Notably, the source images
for rows 2-4 are from the wild dataset.

els to photograph garments with the same style but differ-
ent shapes is a time-consuming and labor-intensive process.
Thus, obtaining a preview of garment alterations dressed on
models becomes essential. This necessitates a tool capable
of directly modifying the clothing structure within human
images. Clothing structure (Chen 2020) encompasses the de-
sign elements of clothing products, including the combina-
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Figure 2: Comparisons between different image editing
pipelines. Our pipeline follows the idea of IP2P and requires
only a simple instruction for part-level editing.

tion of clothing parts such as neckline, length, and sleeve
shape, which determine the overall shape, silhouette, and
dressing effect (Hu 2023). Different combinations of parts
create unique fashion styles and appropriate dressing scenar-
ios. Consequently, we define a Clothing Structure Editing
(CSE) task with broad applications in virtual reality, fash-
ion e-commerce, and photo beautification. CSE technology
focuses on accurately performing editing instructions while
maintaining the clothing’s texture characteristics, as shown
in Figure 1. Unlike object-level local editing (Duan et al.
2024), the CSE task involves part-level local manipulation,
which is more challenging due to the interdependence of lo-
cal parts and the difficulty in isolating them from the whole.
Potential Works. Some early works based on generative
adversarial network (GAN) (Goodfellow et al. 2020) can
be extended to solve the CSE task (Zhang et al. 2021; Xie
et al. 2022). These methods typically perform human image
synthesis and editing by decoupling human attributes (e.g.,
pose) from clothing appearance attributes (e.g., texture and
shape). Obviously, these works have two limitations. First,
they require an exact semantic graph input or are limited
to length editing. Second, GAN-based methods may suffer
from unstable training (Gulrajani et al. 2017) and modal col-
lapse (Miyato et al. 2018), leading to losing image details.
Our Work. In this paper, we introduce FashionTailor,
a new diffusion-based method designed to enable user-
friendly, efficient, and precise control of CSE, much like the
work of a skilled tailor. Unlike current local image editing
paradigms, as shown in Figure 2, we develop a triple-flow
framework consisting of appearance, structure, and denois-
ing flow. First, the appearance flow processes clothing tex-
ture, skin features, and background information. In contrast,
the structure flow processes the target structural information
through human-written instructions, facilitating intuitive im-
age editing without requiring explicit masks. Inspired by
MasaCtrl (Cao et al. 2023) and P2P (Hertz et al. 2022), our
proposed ClothingNet adopts the same UNet of denoising
network for appearance extraction. Additionally, we design
a semantic-refined module within the appearance flow to
decouple fine-grained features, enhancing the model’s un-
derstanding of part-level semantics. Second, the denoising
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flow aligns and fuses the structure information from the
structure flow with the appearance details from the appear-
ance flow. Rather than directly concatenating or adding ex-
ternal features into the denoising process, as done in meth-
ods like ControlNet (Zhang, Rao, and Agrawala 2023), IP2P
(Brooks, Holynski, and Efros 2023), and AnyDoor (Chen
et al. 2024b), we introduce cross-blend attention mech-
anism to capture the relationship between clothing struc-
ture and appearance features. Third, to evaluate the effec-
tiveness of FashionTailor, we collected a large-scale cloth-
ing dataset, StructureFashion, which includes thousands
of fashion items with hundreds of combinations of nreck-
line types, sleeve types, top lengths, and bottom lengths.
Ultimately, we created an image-instruction-image triplet
dataset of approximately six million scales. Please refer to
the Supplementary Material for a detailed introduction to
the motivation and dataset.

For clarity, the contributions of this paper are summarized
as follows:

* We are the first to introduce a clothing structure editing
(CSE) task for real human images, posing a challenging
part-level editing problem.

* We propose FashionTailor for CSE, a model based on
the triple-flow framework. It comprises a ClothingNet-
based appearance flow with a semantic-refined module
within, a cross-blend attention-based denoising flow to
align appearance features and structure information, and
an instruction-based structure flow. Finally, FashionTai-
lor supports editing the structure of multiple parts on ar-
bitrary garments simultaneously.

* We created a large-scale clothing structure dataset, Struc-
tureFashion, containing about six million pairs. Exten-
sive experiments validated the effectiveness of our model
and its zero-shot generalization capability on real wild
images.

Related Work
Local Image Editing

Local image editing, as opposed to condition-guided image
synthesis, involves modifying an image without changing
its primary components. InpaintAnything (Yu et al. 2023)
utilizes the object segmentation capabilities of SAM (Kir-
illov et al. 2023) and the image generation capabilities
of Stable Diffusion (Rombach et al. 2022) to replace ob-
jects in the source image with textual descriptions. Paint-
by-Example (Yang et al. 2023) suggests a method of im-
age editing guided by a reference image. It uses the CLIP
(Radford et al. 2021) image encoder to convert the refer-
ence image into an embedding, guiding the painting of se-
mantically coherent objects onto a scene image. As a re-
sult, this approach may cause a significant loss of detail in
the reference image. Other methods (Avrahami, Lischinski,
and Fried 2022; Lugmayr et al. 2022) depend on masks to
define the areas requiring modification. However, manually
obtaining masks in practical applications is labor-intensive,
impeding the development of automated intelligent editing
(Zou et al. 2024) Recently, methods like P2P (Hertz et al.



2022) and MasaCtrl (Cao et al. 2023) have sparked increased
interest in inversion-based local image editing. TIC (Duan
et al. 2024), LITS (Jung et al. 2024), FEC (Chen and Huang
2023), and InfEdit (Xu et al. 2023) represent a series of ef-
forts to enhance image consistency and address the qual-
ity issues in DDIM inversion reconstruction, employing au-
tomatic mask acquisition techniques. DreamMatcher (Nam
et al. 2024), LIME (Simsar et al. 2024), and TIGuidedEdit
(Wang et al. 2004) further enhance the accuracy of automatic
masking. However, these methods require either fine-tuning
or time-consuming inversion. Moreover, these methods per-
form object-level editing operations that preserve the image
structure, relying on pre-trained model priors without pro-
fessional fashion-domain knowledge.

Discussion. To advance image editing techniques in fash-
ion, we design a new part-level editing paradigm suitable for
CSE and create a part-level fashion structure dataset.

Fashion Image Editing

The apparel industry plays a vital role in the global economy
and stands at the forefront of innovation. In recent years,
tasks such as virtual try-on (Du et al. 2024; Shim, Chung,
and Heo 2024), outfit generation (Zhang et al. 2024b; Zhou
et al. 2023), fashion deconstruction (Li et al. 2024; Yan
et al. 2022a), and fashion designing (Baldrati et al. 2023;
Yan et al. 2022b) have garnered significant attention. All of
these tasks fall into the category of condition-guided fashion
image synthesis. In fashion image editing, Kong et al. 2023
demonstrated multi-attribute editing of apparel images using
classifier guidance. DiffCloth (Zhang et al. 2023) tackles the
alignment between visual and textual representations in ap-
parel design by introducing structural-semantic consensus
guidance. Despite these methods enabling preliminary edit-
ing of clothing images, they are limited to cabinet clothing
and cannot address full-body images with people. Full-body
images display clothing folds and their interaction with the
wearer, making them more complex and challenging to pro-
cess but more valuable for practical applications. Moreover,
these methods are confined to editing generated clothing im-
ages and fail to generalize to real images.

Discussion. In contrast to the existing literature, Fashion-
Tailor is the first work to specialize in part-level structure
editing of real full-body images.

Methodology

This paper aims to develop an instruction-guided diffu-
sion model for part-level structure editing of human im-
ages. Given an original image to be edited and a text-
based instruction for structure editing, our model generates
a consistency-preserving, high-quality human image, act-
ing like an experienced tailor. The FashionTailor pipeline is
demonstrated in Figure 3.

Preliminary

This section begins with a brief introduction of latent dif-
fusion models (LDMs) (Rombach et al. 2022) and IP2P
(Brooks, Holynski, and Efros 2023), which compose foun-
dational elements of our methodology. The LDM comprises
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three main components: a Variational Autoencoder (VAE)
(Esser, Rombach, and Ommer 2021) for compressing im-
ages from pixel to latent space, a CLIP (Radford et al.
2021) text encoder for processing textual conditions, and
a UNet-based network for noise prediction. Further, IP2P
extends the generative capabilities of LDMs into intuitive
image editing. Mirroring the network construction of the
LDM, IP2P integrates image conditions and alters the in-
put prompt conventions. Specifically, given an edited image
I.., the VAE encoder extracts its latent representation z, i.e.,
z = & (I..) that can be reconstructed by the decoder D, i.e.,
I, = D (z). Then, IP2P edits the source image I, following
the given editing instruction 7', which the CLIP encoder con-
verts into token embeddings c. During the pre-training stage,
noise ~ N (0, 1) with a level controlled by the timestep ¢ is
added to z to create noisy latent z,. The UNet-based denoiser
€g (2t,t,E (1) , ¢) is learned to predict the noise and reverse
this process. The optimization can be formulated as,

Emse = Ez,e,f(ls),c,t [HE — €9 (thvg (Is) 7C)|H . (])

To allow unconditional denoising, two conditions are ran-
domly omitted during training with a certain probability by
setting I = (7 or ¢ = (.. During the sampling process, the
score estimate is as follows:

éo (zt,t, Is,c) = €q (21,1, 01, 0.)
+ SI (60 (Zt7 t7 Isa (Z)c) — €9 (Zt7 ta (Z)Ia @C)>7
+ SC (69 (Zt7 t7 Isa C) — €9 (Zt7 t; IS7 Q)C))
two guidance scales, S; and Sc, are introduced. Increasing

St brings the edited image closer to the source image while
increasing S, yields more intense editing.

2

FashionTailor

As illustrated in Figure 3, we present the overall pipeline of
our method, which consists of three basic interacting work-
flows: (1) Appearance flow, which captures appearance de-
tails at various scales, such as clothing texture and human
features. Our proposed ClothingNet extracts both low-level
features from the VAE encoder and high-level decoupled
features enhanced by a semantic-refined module, improv-
ing the model’s understanding of the relationship between
humans and clothing; (2) Structure flow, which encodes in-
structions for controllable editing of the clothing structure in
the source image; (3) Denoising flow, which denoises the la-
tent image while effectively integrating the two conditions.
Unlike the replacement mechanisms of training-free meth-
ods such as MasaCtrl (Cao et al. 2023) and P2P (Hertz et al.
2022), we propose a cross-blend attention mechanism. It ex-
plores various effective fusion methods to ensure alignment
of appearance details with clothing structure and maintain
consistency between the human body and clothing features
after editing.

Detail Feature Extraction

The CSE task involves non-rigid editing, necessitating con-
sistent visual content generation for deformed regions. This
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Figure 3: An overview of the proposed FashionTailor framework. Our model consists of (1) Appearance flow, which encodes
the appearance features of the source image with a semantic-refined module for refining the semantic information; (2) Structure
flow, which processes the target instruction; and (3) Denoising flow, which precisely aligns target structural information and
appearance features based on the cross-blend attention mechanism.
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may include the generation of both human skin and addi-
tional clothing textures. Previous methods (Yu et al. 2023)
often used the CLIP image encoder as the feature extractor.
Since CLIP mainly focuses on aligning with high-level tex-
tual features, it lacks fine-grained encoding of appearance
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features. To overcome this, we introduce ClothingNet as the
appearance extractor. It shares the same architecture as the
denoising network, ensuring that features at each scale re-
side in the same feature space. Unlike the denoising UNet,
ClothingNet does not involve a diffusion process of adding
noise to the source image, as it is solely used for feature ex-
traction.

To enable ClothingNet to focus on areas relevant to the
editing instruction adaptively, we design a semantic-refined
module after the image encoder, as shown in Figure 4. The
image encoder can be any model that extracts semantic-level
information, such as the CLIP image encoder or ViT (Liu
et al. 2021). In addition, the initial flattened image embed-
ding from the encoder is a global, coarse-grained represen-
tation that lacks understanding of the parts of the human
image. Apart from altering clothing structure, the CSE pro-
cess needs to effectively characterize the complex structure
of human images consisting of body parts, clothing parts,
and possibly intricate backgrounds. As a result, it is essen-
tial to decouple the desired part-level semantics. To achieve
this, we maintain a set of learnable queries representing the
different semantics of human images with the usage of stan-
dard transformer blocks. The patch embeddings output by
the image encoder serve as the input for the semantic-refined
module, interacting via the cross-attention module at each
transformer block.
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Cross-blend Attention

Global shape control features c, from the structure flow
provide identical conditions for blocks at each scale of de-
noising UNet. Meanwhile, multi-scale appearance features
cq from the appearance flow provide as many accurate de-
tails as possible. To align cs and c,, as well as precise con-
trol of the texture details and structure of generated images,
we introduce a cross-blend attention (CBA) mechanism. As
shown in Figure 5, we design four attention operators that
exploit effective feature fusion methods within the CBA
mechanism. Specifically, the self- and cross-attention layers
of the diffusion model contain extensive structure and ap-
pearance information for image generation. The image lay-
out can be roughly formed in queries, covering the seman-
tic changes complying with the target prompt. The keys and
values of self-attention represent the content features during
the synthesis process (Cao et al. 2023; Wang, Liu, and Xu
2024).

Therefore, the query of the CBA should derive from the
denoising flow, which incorporates the target structure in-
formation, while the key and value should stem from the
self-attention layer of ClothingNet. Based on the different
options to query and fusion feature injection, we design the
following strategies: self-enhanced blend attention, where
the query originates from the self-attention in the denoising
UNet, and the fusion feature blends with the self-attention
output (Figure 5a); cross-enhanced blend attention, where
the query originates from the cross-attention in the denoising
UNet, and the fusion feature blends with the cross-attention
output (Figure 5b). Both strategies enhance feature integra-
tion and are defined as follows:

F, = softmax (QE;%)T) V+ ) ©® softmax (Q(\I/{;T

where @, K, and V derive from the self- or cross-attention
of denoising UNet, K/, V1 are from the corre-sponding self-

) Vi (3)
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attention layer of ClothingNet, and A is the learnable fusion
vector.

Additionally, since source and edited images are essen-
tially the same objects with different structures in the CSE
task, source images can be regarded as a different modality
of edited images (Zhang et al. 2024b). The instruction with
text modality is semantically aligned with the edited image,
while the source image with image modality is aligned with
the edited image in terms of texture details. Consequently,
in line with the general design of the attention mechanism,
we incorporate an additional cross-attention layer after the
self-attention to align the texture information of the image
modality. Specifically, we design image-text dual-cross at-
tention and text-image dual-cross attention, as illustrated in
Figures 5(c) and 5(d), respectively. The primary difference
between these two lies in the order of the cross-attention lay-
ers. In the experimental section, we have fully evaluated the
effectiveness of these designs. Notably, the loss function and
classifier-free guidance of our FashionTailor adhere to equa-
tions (1) and (2), respectively.

Experiments
Implementation Details

Dataset. Currently, available datasets for fashion images
are for person image generation and virtual try-on, lack-
ing the required part-level multimodal pairwise information
needed to perform the CSE task. To advance image editing
techniques in fashion, we collected the first clothing struc-
ture dataset, as shown in Figure 6. Please refer to the Sup-
plementary Material for more details.

Hyperparameters. In this study, we utilized pretrained
IP2P (Brooks, Holynski, and Efros 2023) and Stable Dif-
fusion (Rombach et al. 2022) v1.5 to initialize the weights
of the denoising UNet and ClothingNet, respectively. For
classifier-free guidance, we set Sy and S, to 1.5 and 7.5,
respectively, and drop the conditions I and ¢ with a proba-
bility of 5%. Due to computational resource limitations, we
did not use all available data for model training. Please refer
to the Supplementary Material for more details.

Baselines. We compare FashionTailor with the state-of-
the-art text-to-image methods based on reference images,



Category Method Publication ~FID| KID| LPIPS| SSIM{ PSNR{ CLIP-St D-CLIP}
MasaCtrl ICCV'23 7677 4723 0267 0700 15859  8.958 0.172
Inversion NTI+FPE CVPR’24 3655 1228 0232 0723 16508 11412  0.167
InfEdit CVPR'24 3169 1237 0.171 0782 17.118 17.631 0.092
Adapter TP-Adapter arXivi23 2562 0758 0316 0534 13210 12423 0252
MagicClothing ACMMM’'24 67.81 4.154 0253 0745 16581 17.769  0.287
MagicBrush  NeurlPS'24 2741 0840 0220 0.716 16,780 _ 8.680 0.179
Instruction IP2P CVPR’23 2537 0.600 0057 0904 23761 37.411 0.699
FashionTailor  Thiswork 2470 0.515 0.048 0916 24.444 38.642  0.731

Table 1: Quantitative comparison of our FashionTailor with the state-of-the-art text-to-image methods based on references.

Method KID| LPIPS| SSIMt CLIP-St D-CLIPT
B1 0.600  0.569 0.904 37.411 0.699
B2 0.555 0.515 0.912 38.451 0.726
B3 0.530  0.512 0.913 38.520 0.725
B4 0.526  0.510 0.913 38.661 0.730
BS5 0.534  0.542 0.910 38.672 0.726
B6 0.523  0.509 0.913 38.526 0.727
B7 0.515  0.486 0.916 38.642 0.731

Table 2: Quantitative results for ablation studies.

including the instruction-guided IP2P (Brooks, Holynski,
and Efros 2023) and MagicBrush (Zhang et al. 2024a), the
adapter-based IP-Adapter (Ye et al. 2023) and MagicCloth-
ing (Chen et al. 2024a), as well as the inversion-based Mas-
aCtrl (Cao et al. 2023), NTI+FPE (Liu et al. 2024), and In-
fEdit (Xu et al. 2024). For a fair comparison, we fine-tuned
IP2P, IP-Adapter and MagicClothing on StructureFashion.
Additionally, source and target descriptions were provided
for inversion-based methods.

Comparisons

Quantitative Results. As reported in Table 1, our method
significantly outperforms the state-of-the-art methods across
all metrics. (1) Notably, despite the extensive research on
inversion-based image editing, these methods are unsuitable
for the CSE task. On one hand, these methods rely on the
priors of pre-trained models that lack fashion expertise. On
the other hand, they prefer object-level edits with more ob-
vious semantics and struggle to capture part-level concepts.
(2) For adapters, we conduct fine-tuning on StructureFash-
ion as reported in their original papers. IP-Adapter achieves
relatively better FID and KID scores but performs poorly
on consistency scores. This indicates that although it can
generate decent-quality images, it deviates from the editing
trajectory, shows significant over-editing, and struggles to
maintain consistency in irrelevant regions. In contrast, Mag-
icClothing achieves better consistency scores but performs
poorly in fidelity generation. These results for both cate-
gories of methods indicate that they are unsuitable for the
CSE task due to its complexity. (3) [P2P shows suboptimal
results across all metrics, demonstrating its inability to cap-
ture fine-grained features accurately. (4) Compared to these
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methods, our FashionTailor, benefiting from the design of
appearance flow and cross-blend attention, exhibits superior
results in terms of the balance of fidelity generation, editabil-
ity, and consistency preservation.

Qualitative Results. Figure 7 illustrates a comprehensive
comparison of qualitative results with existing alternatives
for the CSE task. (1) As we can see, inversion-based meth-
ods cannot follow the editing instructions, and the clothing
structure of the generated image remains unchanged. Ad-
ditionally, these methods fail to accurately reconstruct the
complex clothing texture information, as shown in columns
3-5. (2) IP-Adapter weakly follows the instruction but strug-
gles to maintain clothing details and character identity, often
generating a variant of the source image. Despite generat-
ing instruction-consistent clothing structures, MagicCloth-
ing performs the worst in clothing detail generation, pos-
sibly due to the framework’s incompatibility with the CSE
task. (3) IP2P shows visual results similar to ours but fails
to reasonably predict the new clothing textures. Specifically,
IP2P tends to lose the edge texture features of the clothing,
as shown in the highlighted sections of columns 9-10. How-
ever, as humans are sensitive to subtle changes in garment
features (e.g., patterns), proper editing of clothing structure
is not a simple matter of cutting or adding fabric. It requires
complete consistency of the clothing. (4) Compared to these
methods, FashionTailor produces the most outstanding re-
sults, strictly following the instructions and faithfully main-
taining the consistency of clothing and human body features.

Ablation Study

To verify the effectiveness of the appearance flow and cross-
blend attention mechanisms, we explore various alternative
designs, as reported in Table 2. (1) B1 represents the config-
uration without appearance flow and cross-blend attention,
where the source image is directly added to the UNet fea-
tures at each scale after passing through the VAE encoder.
(2) We then improve the network by introducing Cloth-
ingNet in B2 to achieve multi-scale fine-grained feature in-
jection. In this approach, we directly concatenate the out-
puts of each attention module in ClothingNet with the in-
puts of the corresponding attention module in the denoising
UNet. From Table 2, it is evident that the introduction of
ClothingNet significantly improves the generation quality.
(3) Furthermore, we design cross-blend attention to enhance



Instruction MasaCtrl NTI+FPE

Q

Switch the
neckline with V
neck and the
sleeve with
bracelet length.

Source
Q
:j i ‘
Q Exchange the
length of this
4 |blouse with mid-
thigh length and
" leave therestas |
is.
Length of this
dress into below
knee length and
sleeve into
capsleeve.

InfEdit ITP-Adapter M-Clothing M-Brush

g

IP2P FashionTailor GT
Q

Shape the
neckline into tie-
ups at shoulders
and the length of

this dress into
il full length with
C79% "~ "3 inches heels on.

Figure 7: Qualitative comparisons with existing alternatives for CSE, including MasaCtrl, NTI+FPE, InfEdit, IP-Adapter, Mag-
icClothing, MagicBrush, and IP2P. The red dotted line makes it easier to see the change in length.

Length to Mini

Knee length Ankle length Full length

-

- =
S TSRS

Figure 8: Examples of our FashionTailor applications in real
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the injection of fine-grained features. As shown in Figure 5,
we design four blending modes: B3-B6 denote image-text,
text-image dual-cross and cross-, self-enhanced blend atten-
tion, respectively. We observe a significant improvement in
fidelity and CLIP scores for these four attention modes. Al-
though cross-enhanced blend attention achieves the high-
est CLIP scores, it performs the worst in KID, LPIPS, and
SSIM. As CLIP scores focus on semantic relations and over-
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look detail matching, this design may cause over-editing.
In addition, self-enhanced blend attention chosen as the de-
fault configuration for the subsequent experiments achieves
the best generation quality. (4) Moreover, cross-blend at-
tention only slightly improves the image generation qual-
ity. We believe that the indiscriminate injection of redun-
dant fine-grained information during the denoising process
is the root cause. To address this, we designed the semantic-
refined module in B7 to assist ClothingNet in concentrating
on regions that need to be modified. Compared to B6, all
metrics show significant improvement, highlighting the ef-
fectiveness of the semantic-refined module.

Real Scenario Application. Figure 8 illustrates the gen-
eralization capability of FashionTailor in real-world scenar-
ios, showing that the model learns to interact effectively with
clothing structures and texture details without overfitting.

Conclusion

We present a new framework for part-level image editing
called clothing structure editing. Our proposed Fashion-
Tailor utilizes a triple-flow method to balance editability
and consistency preservation through a cross-blend attention
mechanism and a semantic-refined module. Additionally, we
constructed StructureFashion, a dataset comprising six mil-
lion image-instruction-image triples. Our approach not only
surpasses existing methods but also demonstrates promising
results in real-world applications.
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