This is the Pre-Published Version.

The following publication S. Zhu, X. Zou, W. Yang and W. K. Wong, "Any Fashion Attribute Editing: Dataset and Pretrained Models," in IEEE
Transactions on Pattern Analysis and Machine Intelligence, vol. 47, no. 10, pp. 8856-8872, Oct. 2025 is available at https://doi.org/10.1109/ 1
TPAMI.2025.3581793.

Any Fashion Attribute Editing: Dataset and
Pretrained Models

Shumin Zhu*, Xingxing Zou*, Wenhan Yang, and Wai Keung Wong™

+
Abstract—Fashion attribute editing is essential for combining the AN
pertise of fashion designers with the potential of generative artif
intelligence. In this work, we focus on ‘any’ fashion attribute edit
1) the ability to edit 78 fine-grained design attributes commonly
served in daily life; 2) the capability to modify desired attributes w
(a) Input round v  square o.s. shawl halter bertha shirt  turtle

keeping the rest components still; and 3) the flexibility to continuo
edit on the edited image. To this end, we present the Any Fasl
Attribute Editing (AFED) dataset, which includes 830K high-quality f:
ion images from sketch and product domains, filling the gap fc
large-scale, openly accessible fine-grained dataset. We also prog
Twin-Net, a twin encoder-decoder GAN inversion method that of
diverse and precise information for high-fidelity image reconstruct
This inversion model, trained on the new dataset, serves as a
bust foundation for attribute editing. Additionally, we introduce F
sPCA to identify semantic directions in latent space, enabling a
rate editing without manual supervision. Comprehensive experime
including comparisons with ten state-of-the-art image inversion m
ods and four editing algorithms, demonstrate the effectiveness of
Twin-Net and editing algorithm. All data and models are availabl
https://github.com/ArtmeSciencelLab/AnyFashionAttributeEditing .

Index Terms—Fashion Attribute Editing Dataset, Encoder-based GAN
Inversion, Attribute Editing in Latent Space

1 INTRODUCTION

ENERATIVE Al is projected to boost profits in the fash-
Gion sector significantly [1]. Its success hinges on the
performance of models in generation and editing tasks [2],
[3], [4]. Although there is a trend favouring Diffusion Mod-
els for their ability to produce high-quality, diverse images
[5], [6], [7], [8]. However, they need multiple inference
steps to generate a single sample, which makes them less
efficient than GAN-based methods [9]. Meanwhile, applying
diffusion models to editing tasks also presents challenges,
such as finding accurate features for specific semantics in
a larger latent space [10]. Therefore, this study focuses on
exploring solutions within the GAN-based framework.
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Fig. 1: Any Fashion Attributes Editing: Conditioned on the
inverted result (b) of input (a), we target: (i) Fine-grained
attribute editing; (i) Independent attribute editing: edited
results while preserving the rest without deformation; (iii)
Continuous attribute editing: editing on the edited result.

Substantial progress has been made through various
datasets [11], [12]. The Fashion-Gen dataset [13] introduced
293,008 images and item descriptions for high-resolution
generation. Fu et al. [14] developed the SHHQ dataset
with 230,000 images to evaluate editing algorithms like
InterFaceGAN [15], StyleSpace [16], and SeFa [17]. Drawing
from these datasets, various fashion image editing method-
ologies have emerged: SemanticStyleGAN [18] enables con-
trolled generation of diverse styles, while DragGAN [19]
and FreeDrag [20] offer interactive editing. However, many
challenges still remain in fashion attribute editing.

As shown in Fig. 1, fashion includes numerous fine-
grained attributes, with at least 50 identified in previous
research [21], [22], [23]. The goal of the editing task is
to accurately disentangle the semantic directions of these
attributes in latent space. Accurate image inversion is
foundational; if the inversion model cannot reconstruct
a specific attribute, it cannot be edited in subsequent
steps. Thus, the increasing number of attributes heightens
the complexity of the editing process and raises the require-
ments for the inversion model. Current works [24], [25], [26]
successfully reconstruct ‘common’ attributes, such as ‘long
sleeves’, but struggle with ‘uncommon’ ones, like ‘peter
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pan collar’. In addition to accurate editing, fashion design
demands independent and continuous editing. Independent
editing modifies a specific attribute while keeping the rest
of the image unchanged; for example, in Fig. 1 (ii), the free
length is altered without affecting other parts. Continuous
editing refers to re-editing another attribute on an already
edited image; for instance, in Fig. 1 (iii), (c) is (b) edited with
long sleeves, followed by changing the neckline to a ‘Square
Neckline’, ‘Shawl’, or ‘Bertha’ etc, in (c). These require-
ments necessitate a more sophisticated disentanglement of
attributes. Lastly, although product images are key in the
design process, sketch images are edited more frequently in
the early stages of fashion design.

To this end, we first test existing open-source encoder-
based GAN inversion models, but they fail to accurately
reconstruct the fine-grained fashion attributes. Meanwhile,
upon examining fashion training datasets, we found a lack
of open source availability [14], [13]. In other words, the
number of released images is insufficient to train a satisfac-
tory GAN inversion model [27], [28]. Additionally, existing
datasets primarily consist of product images from online
stores, with a scarcity of sketches (examples in Fig. 1), which
are standard in fashion design. To this end, the basis for the
next step is constructing a new dataset that includes product and
sketch fashion images with fine-grained attributes first.

After obtaining the new dataset, we further examine
the encoder-based GAN inversion methods [24], [25], [29],
[30], [31], [32], [33], [34], [35]. Although these methods,
such as HFGI [31] and StyleRes [30], aim to reconstruct
high-fidelity images, they face challenges in handling varied
semantic attributes. This is mainly because current encoder-
based image inversion methods struggle to reconstruct fine-
grained attributes due to semantic ambiguity. An inversion
model with higher fidelity and editability is needed to integrate
the semantics of fine-grained fashion attributes.

Finally, we explore both supervised and unsupervised
attribute editing techniques [36], [37], [38], [39], [40], [41],
[16]. Supervised methods [37], [42], [43], [44], [45], such as
InterFaceGAN [15], rely on classifiers that are limited in
scope. Unsupervised methods, including GANSpace [35],
SeFA [17], and ReSeFA [46], reduce the reliance on classi-
fiers, but may require manual oversight. Interactive meth-
ods, such as DragGAN [19], offer direct manipulation but
have limitations with specific fashion attributes. To handle a
larger number of attributes, a more precise editing algorithm is
needed to disentangle the semantic directions.

In summary, we thus propose solutions from three as-
pects for Any Fashion Attribute Editing. First, we intro-
duce the AFED dataset, which comprises 830,000 full-body
fashion images to address limitations in current datasets.
It includes 230,000 human fashion images, along with
300,000 solid-color women'’s clothing sketches and 300,000
printed men’s clothing sketches. Second, we propose a
novel encoder-based GAN inversion method called Twin-
Net, designed for high-fidelity image inversion suitable
for fine-grained fashion attribute editing. Unlike previous
methods, our approach supplements missing information
with more precise semantic attribute directions. Building on
strong image inversion performance, we introduce a few-
shot editing algorithm that uses paired attribute images
to estimate disentangled, fine-grained attribute directions in
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TABLE 1: Listed of popular fashion datasets. Gray color indi-

cates datasets are friendly for fashion attribute editing. The
abbreviation ‘p.” refers to “product’, and ‘s.” refers to ‘sketch’,
respectively. ‘Full-Body Ratio’ refers to the proportion of images
in the dataset that depict the model’s full body relative to the
total number of images.

Dataset Total Image ~ Mean Resolution ~ Ratio of Full-Body Image ~ Domain

ATR [47] 7,700 400 x 600 76% p-
Marklet1501 [48] 32,668 128 x64 100% p-
DeepFashion [49] 146,680 1101 x 750 6.8% p-
LIP [50] 50,462 196 x45 37% P
Prada[49], [51] 78,979 256 x256 - p-
ZalandoGAN [52] 120,000 128 x 128 0% p-
VITON [53] 16,253 256 x192 0% p-
FashionGEN [13] 293,008 1360 x 1360 p-
FashionAl [22] 324K 512 x512 - p-
iMaterialist [21] 1M+ 600 x 600 1.4% p-
POG [54] 583k n X797 0% p-
MVP [55] 49,211 256 x192 72.5% p-
VITON-HD [12] 27358 1024 x 768 0% p-
Dress code [11] 107,584 1024 X768 50% p-
SHHQ [14] 231,176 1024 x512 100% P
DeepFashion-MM [56] 44,096 1024 x512 29% p-
AFED 830,000 1024 x512 100% p-&s.

latent space, enabling flexible manipulation at the semantic
level. This method successfully disentangles directions for
editing 78 fine-grained fashion attributes.

Our main contributions are as follows:

e We present the Any Fashion Editing Dataset (AFED),
which contains 830K high-quality full-body fashion images
from two domains. This dataset creates a new challenge
scene of any fashion editing with complex fashion attributes,
making it ideal for arbitrary fashion attribute editing re-
search. It inspires the design of the method in two directions:
1) relax the trade-off between inversion and editing; 2) better
fine-grained semantics disentanglement. All data, source
code, models will be released for academic use.

e We propose Twin-Net, a GAN-based framework for
high-quality fashion image inversion and editing. Different
from existing methods taking random noise as a condition
for editability, our approach leverages factorized semantics
as conditions, preserving the person’s identity while allow-
ing flexible, unsupervised editing of fashion attributes.

e We design PairsPCA, a method that is capable of
mining the clear mapping relationship between latent and
semantic meanings consistently. This modeling facilitates
the targeted editing of individual attributes without unin-
tended effects on others and also enables attribute editing
with the least human effort.

e Comprehensive experiments validate the effectiveness
of our proposed methods. A total of 14 baselines were
compared, including seven GAN inversion methods, three
diffusion-based editing methods, and four GAN-based at-
tribute editing methods. We trained 27 models across three
datasets, comprising StyleGAN models and models for
eight GAN inversion methods (including Twin-Net). The ex-
periments evaluated reconstruction quality, editing capabil-
ity, accuracy, and disentanglement. The results demonstrate
the effectiveness of our proposed framework and methods.

2 RELATED WORK
2.1 Fashion Attribute Editing Dataset

A comprehensive list of popular fashion datasets with po-
tential for editing tasks is presented in Tab. 1. However,
most are not conducive to our objectives: 1) Datasets for
attribute recognition [47], [48], [49], [50], [22], [21], [52] face
challenges due to complex images—varied lighting, poses,
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Fig. 2: Initial inversion results on the SHHQ dataset are pre-
sented as follows: (a) is the original image from the SHHQ
dataset, (b) is a manually edited image highlighting the
desired fashion attribute based on (a), and (c) is the inverted
result from the officially released pre-trained encoder. This
triad illustrates the pre-trained encoder’s ineffectiveness in
capturing and generating the specified fashion attributes.

backgrounds, and types (half-body, full-body, single item,
etc.). This complexity makes them unsuitable for our editing
tasks, despite their potential for robust fine-grained editing,
as image alignment significantly impacts performance [46].
2) Datasets for virtual try-on [53], [55], [52], [12], [11] or
fashion compatibility learning [54] often feature single items
against clean backgrounds. However, most of them have
low resolution [53], [55], [52], which hinders our goal of
high-fidelity image inversion. High-resolution virtual try-
on datasets, such as VITON-HD, do not include full-body
images of models. The DressCode dataset is suitable for
our editing task, but it only contains 53,792 available full-
body images of models, and all models’ faces are missing. 3)
High-resolution datasets for fashion image synthesis, such
as [13], DeepFashion-MM [56], SHHQ [14], show promise.
However, preliminary tests reveal issues with successful
inversion on SHHQ’s public model (Fig. 2). Moreover,
SHHQ's accessible dataset is limited to 40,000 images, and
while FashionGEN has consistent full-body images, they
constitute only a small fraction of its total size. DeepFashion-
MM contains just 12,788 full-body images. Even combined,
these datasets fall short of the required volume. To this end,
we introduce the AFED dataset.

2.2 Encoder-based GAN Inversion.

Encoder-based GAN inversion methods [57], [24], [58], [25],
(291, [301, [31], [52], [33], [34], [59], [35] involve learning an
encoder that maps an image to latent space and a generator
that reconstructs the image from the latent code. This en-
ables real-time inference, enhancing practical applicability.
Some methods [29], [32] use iterative forward passes, lever-
aging training set knowledge during projection to improve
editability, albeit at some cost to fidelity. Other studies [24],
[25], [57] project latent codes via single or iterative forward
passes, which may lead to significant information loss and
imprecise reconstructions. To mitigate this, some methods
[31], [30] employ two encoders: one for encoding an image
to a low-rate latent space and another for reconstructing
missing details through high-rate features. While these ap-
proaches improve high-fidelity inversion, they often lack
clear semantic information, relying instead on randomly
generated data with no defined meaning. For example,
HFGI [31] uses random augmentation of residuals between
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the input and inverted image as missing information, while
StyleRes [30] uses random latent codes as editing directions.
Such vague information is insufficient for effective image
inversion with fine-grained attributes. In contrast, we propose
incorporating semantic attribute direction during training.

2.3 Attribute Editing in Latent Space.

Many algorithms have been proposed to identify latent
directions for attribute editing [36], [37], [38], [39], [60],
[40], [41], [61], [16], [62]. Supervised methods [57], [47],
[43], [44], [45], such as InterFaceGAN [15] employs a linear
SVM in the latent space, and [63] learns a mapping in
the latent space with the aid of an age classifier. However,
these methods are limited by their dependency on attribute
classifiers, restricting editing to a small set of attributes. Un-
supervised methods have been proposed to address these
limitations [38], [19], [64], [65], [66], [16], [67], [46], [17].
For instance, GANSpace [38] performs PCA on latent codes
to identify directions of maximum variations, followed by
manual filtering of directions. SeFA [17] optimizes latent
directions to maximize variations after projection on the
affine matrix A. ReSeFa [46] extends SeFA to factorize the
latent semantics learned by GANSs concerning an arbitrary
image region. DragGAN [19] enables users to ‘drag’ any
points of the image to reach target points interactively.
Different from these methods, we perform attribute editing with
disentangled semantic direction using minimal supervision.

3 ANY FASHION ATTRIBUTE EDITING DATASET
3.1 Dataset Construction

The AFED dataset consists of three sub-datasets, as illus-
trated in Fig. 3. It includes 300,000 (a) solid-color women's
clothing sketches (AFED-S-Color), 300,000 (b) printed men’s
clothing sketches (AFED-S-Print), and 230,000 (c) human
fashion images (AFED-H-Product). For the AFED-S-Color
and AFED-S5-Print, the data were generated using a mature
pipeline! previously utilized to create full-body sketch im-
ages with fine-grained fashion attributes. Generating these
sketches took about 250 hours on a single GTX 3090 GPU.
Regarding the AFED-H-Product, we initially collected
over 1,000,000 raw fashion images from the internet, encom-
passing various clothing styles and fine-grained attributes.
During this process, we focused on gathering images with
‘common’ and ‘uncommon’ attributes. During data pro-
cessing, we considered seven significant factors [14]: at-
tributes balance and diversity, resolution, body position,
body part occlusion, human posture, multiple people, and
background. These factors are crucial for curating high-
quality, fine-grained fashion datasets. Specifically, we con-
structed the dataset considering the following aspects: 1)
Intentional collection of fashion images with ‘uncommon’
attributes during the data collection. 2) Retention of fash-
ion images with resolutions greater than 1024 x 512. 3)
Ensuring consistency through adjustments such as segmen-
tation, cropping, and alignment of people in the images. 4)
Eliminating images missing any body parts, as we focus on
the whole body. 5) Removal of uncommon model display
poses, such as sitting or severe sideways positions, through

1. https:/ /code-create.com.hk/aida/
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manual inspection to ensure the learnability of the data
distribution. 6) Retention of only the unoccluded full-body
image of a single person in instances where fashion show
images featured multiple individuals. 7) Standardization
of representation and elimination of the influence of com-
plex backgrounds by utilizing segmentation masks [68] to
modify the image background to pure white. The manual
collection process is hindered by its slow pace and high
costs. For reference, a team of four carried out this collection
manually over a year, averaging 4,800 images per week.

3.2 Dataset Comparison

Statistically, the AFED dataset is 2.8 times larger than Fash-
ionGEN [13], and 3.6 times larger than SHHQ [14], signif-
icantly surpassing the other datasets compared. Although
iMaterialist has a large volume of data, its low resolution
makes it unsuitable for fashion attribute editing tasks. This
limitation also affects other datasets, such as FashionAlI [22],

POG [54], and MVP [55], etc. In contrast, AFED, DeepFash-
ion [49], SHHQ [14], DeepFashion-MM [56], and Fashion-
GEN [13] provide high-definition images. Regarding the

proportion of full-body images, DeepFashion-MM provides
29% full-body images, while DeepFashion’s proportion is
6.8%. Both AFED and SHHQ offer a full-body image ratio
of 100%. Notably, AFED is the only dataset that includes
sketches and products, making it suitable for editing both
image domains. Additionally, we observed a significant
imbalance in the distribution of fashion attributes within the
existing datasets. Attributes such as length, ‘V Neckline’,
and ‘Round Neckline’ dominate, comprising over 30% of
the dataset. For instance, in the FashionGEN dataset [13],
the proportion of sleeve length among all clothing images
is 0.7642, while the ‘Round Neckline’ is 0.3296, and ‘Peter
Pan’ is merely 0.0009, indicating an extremely long-tailed
distribution. Using FashionGEN as a reference, we consider
attributes with a proportion over 0.1 as ‘common’ (16 in
total). The attribute distribution is shown in Fig. 4.

4 APPROACH

This section mainly introduces the proposed approach for
achieving fashion attribute editing, including subsection 4.1
Inversion Method and subsection 4.2 Editing Algorithm.
Specifically, we introduce Twin-Net for image inversion, de-
signed to enhance fidelity and editability by supplementing
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missing information. Twin-Net, inspired by StyleRes [30],
uses two pipelines for generating high-quality edited and
inverted images, respectively. Unlike StyleRes, Pipeline 2
of Twin-Net takes the inverted image, i.e., the output of
Pipeline 1, as input. This setting is motivated by the find-
ing that the result inverted twice of input will lose more
information than when inverted only once and thus, in
other words, it could supplement more information during
the training process (see visualized results of A;EC and
Arecgt in Fig. 5). Meanwhile, it directly calculates differ-
ences to supplement missing information, thereby supple-
menting the missing information more intuitively. Addi-
tionally, we incorporate a Distortion Alignment Module,
used in HFGI [31], to analyze and correct differences be-
tween original and reconstructed images during editing.
Unlike HFGI's random transformations, Twin-Net uses two
encoder-generator sets for optimizing image quality. After
developing the inversion model, we propose PairsPCA, a
few-shot editing algorithm that facilitates precise semantic
editing. Further details are presented in the following.

4.1 Inversion Method: Twin-Net

Given an input image X € RTXW>3 our goal is to

produce a high-quality edited image i:dit c REXWX3 and

reconstructed image X, € RAXWx3 respectively. The

training framework uses two sub-networks, Pipeline 1 for
. Sh .. oh .
generating the X_;;, and Pipeline 2 for X,..., as shown in

Fig. 5. Each subnetwork is composed of a pre-trained basic
encoder Ey [25], a basic generator Gy [69], and a distortion
consultation branch. Both Ey and G| remain fixed during
the training phase, while the distortion consultation branch
is trained to approximate missing information within a
high-rate feature space and share weights in Pipeline 1 and
Pipeline 2.

Specifically, the encoder Ej, first maps the input image X
into the latent space W+, producing the low-rate latent code
WT € RI8%512 Then, the latent code W is feded to the
generator Gy to obtain the low-fidelity reconstructed image

X, oo € REXWX3 Tt is worth noting that, compared with

X, the low-fidelity X, .. lost the attribute of “‘one-shoulder’
as shown in Fig. 5. This finding shows that single-pass
inversions in low-rate latent spaces lead to reconstruction
inaccuracies due to information loss.

Our goal is to achieve a high-quality edited image within
Pipeline 1; accordingly, we introduce an editing direction
into the latent code. We aim for controllable changes in
the desired direction while keeping other aspects constant.
Random directions utilized in previous research can lead
to uncontrollable edits and alignment challenges. In con-
trast, overly predefined directions can limit edit flexibility.
Inspired by [46], we factorize the latent semantics of the
generator G learned in the clothing region in an unsuper-
vised manner. Specifically, given the generator Gy and the
generated image A = Gy(z), where z € R5!? is drawn from
the Z space (the input latent space of StyleGAN as described
by Karras et al. [70]), we designate the clothing partition of
Aas A7 and the last partition of A as A®. Thatis A/UA? = A
and A/ N A’ = (), where the subscripts f and b are short
for “foreground” and “background” respectively. Prior to
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Fig. 5: The training framework of Twin-Net.

training, we compute the semantic directions associated
with region A’ by solving Equation 1.

(Je Ty +al) ' JF T pn = An 1)

where a = 7tr(J]'J,) and 7 = le™? is a small scaling factor
and Jacobian matrix J, represents the derivative of pixel
values with respect to the latent code. n is eigenvectors
corresponding to the largest eigenvalues A. For training,
the top 8 directions are selected, and the degree is set to
6. To avoid the influence of color during the editing process,
we use layer-wise editing [15] to add the direction to the
first 8 layers of StyleGAN. Fig 6 shows the attribute editing
effects of the top 8 direction vectors on three sub-datasets
during the training process. It can be seen that, since only
the clothing region was factorized, when adding semantic
directions, one or more fashion attributes were edited (for
example, in the AFED-S-Color dataset, direction n; edited
both clothing length and sleeve length; in the AGED-H-
Product dataset, direction n; also edited the pose), while
the identity information (ID) of the model is well preserved.

Consequently, we could do manipulation at the semantic
level in the low-rate latent space. To obtain edited image, a
semantic attribute direction n € R!®*512 js added to W+
and achieve the low-rate edited latent code W

edit’
+ _wTt
Wi =W +sn

c R18X512

@)
where W . , and s constrains the degree of
the edits. Then, the generator G, takes W/ . as input
to generate a low-fidelity edit image i;dit = Go(W!,.),
i;dit € RHEXWX3 Tt can be observed that the obtained

X4+, as shown in Fig. 5, is also inaccure/ate, having similarly

lost the ‘one-shoulder’ attribute like X,... In other words,
edits conducted within the low-rate latent space result in
imprecision, attributed to the loss of information.

Since there is no ground truth for X, it We propose
using the difference between X and X, .. as a substitute to

supplement the missing information of X, 4i¢- This approach
leverages the inherent relationship between these two image
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.. Will not align with the missing infor-

ated X_,;;. Directly incorporating this information A;EC as

supplementary data into the generated X, ait may introduce
oh

artifacts in the resultant image X_ ;-

To better approximate the missing information of the
reconstructed image to the edited image, a distortion align-
ment module (DA) is adopted in the distortion consultation
branch, A, ;;; = DA(A,.., Xeuir), ALgir € REXW*3, Subse-
quently, the consultatlon encoder F, projects the A_;;, intoa
high-rate latent map F, ;; = E.(A e;m) cqir € RO12X64x32,
Taking the high-rate feature map F,;;, and edit latent code
W .. as input, the generator Gy is expected to generate a

high-fidelity edit image X_y;, € RFXW*3 ag

iedzt - GO( edzt’Fedit) (3)

Notably, the optimization of the distortion alignment
module DA and the consultation encoder E, is not feasible
since the absence of ground truth for X,;;. They will share
weights with the DA and E. in Pipeline 2, respectively.

The goal of Plpehne 2 is to generate a high-quality
reconstructed image X,.. € RZ*WX3 This enables the
entire framework to be trainable, as there will be ground
truth for the reconstructed image, that is, the input image X
serves as the ground truth for ch Meanwhile, it ensures
that the network can achieve high-quality inversion per-
formance while maintaining the editability of the inverted
code. Sp/ecifically, we take the low-fidelity reconstructed

image X, ... from Pipeline 1 as input. The missing informa-

tion between the high-quality edited image i:dit and the

reconstructed edited image X, 4i; is used to simulate A:ec
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as the supervision signal to train its distortion alignment
module. Then, the generator G uses W;Jgit (which adds a
semantic attribute direction to the latent code W' * using
Equation 2) to generate the low-fidelity edited image Xedzt
Concurrently, the consultatlon encoder E. pr0]ects Arec into
the high-rate feature map F,,. = E.(A..). Finally, the
generator G takes F, . and the low-rate latent code W
to produce the high-quality reconstructed image )~(ﬁec which
can be written as:

rec

"

hec = GO(W o+ F7ec) )

rec?

Losses. To reconstruct the input image, the general recon-
struction losses, including the Lo, perceptual loss [/ 1] and

identity loss [72] between the input X and output Xrep

adopted. Given the intricate line drawings and edges in
fashion design, we propose a new loss function, the Sobel
Loss, to enhance the details of the inversion result. The Sobel
operator [73] S is adopted to compute the edge maps of

X, and X, respectively. Taking X € R¥*W*3 the I, loss
between these two edge maps is calculated.
oh
Luoer = | SO0 = S(Xye0)| | ©)

where S represents the Sobel operator. Furthermore, we
impose a constraint on Arec to approximate A,..,,. This
particular loss is referred to as the align loss, denoted as L.

"

a — ’Arecgt - A

(6)

rec
1

4.2 Editing Algorithm: PairsPCA

Building on the successful image inversion and editing
capabilities of Twin-Net, we further explore the potential
for fine-grained fashion attribute editing in the YW+ space.
Fashion attribute editing requires that the calculated at-
tribute directions be accurate, disentangled, and continuous.
To achieve this, we propose PairsPCA, a few-shot attribute
editing algorithm. The details of this method are introduced
in the following.

Inference of Editing. Our goal is to edit an attribute from
a to b. Following the structure of the inversion method, i.e.,
Twin-Net, for a given image X..q:, we first obtain the latent
code W real Of Xreqr through the encoder Ey. Then, the next
step involves adding the desired direction d*” to W' . as
follows:

w+

realqp

= wjeal + mdab (7)

where m>0 controls the degree of the edit. The high-fidelity
edited image is then computed as:

X:‘Lealab GO( edztab’ Fedit) (8)
The calculation of F edit is elaborated in Subsection 4.1. It
can be observed that the main point of editing is to add
the desired direction d*®. As introduced above, during the
training phase, the direction to be added represents seman-
tic attribute directions, which provide a solid foundation

for attribute manipulation at the semantic level. To further



enable fine-grained attribute editing, we propose estimating
the attribute direction d°” in a few-shot manner.

Attribute Direction Estimation. The set of attribute di-
rections is denoted as D = {(I,1%)}, where k € [1,n]
represents the ki, attribute image pair. I} signifies the ky,
image with attribute a, and I? represents the image with
attribute b modified from image If. The attribute direction
in the latent space W+ is estimated as (1) Project the image
pair (I£,13) into the latent space W+ via the Encoder
Ey. This is represented as W = EO(I%LWE): = FEy(1b),
respectively. (2) The editing direction di’ from attribute
a to attribute b in the k;, image pairs is calculated as
dit = Wi -Wf, d® ¢ RS20 3) df° is reshaped
into a 1-dimensional vector dZ’ab € RX9216 (4) All di-
rection editing vectors d;*ab are combined into a matrix
D = (@7 dyt, Ay, dnt], DO e RMX9IS, (5)
The column vector v* € R(X9216) of the V' matrix is
used as the final editing direction from attribute a to b,
represented as d*° = Reshape(v*), d** € R'®*%12 where
the v* € RX9216 j5 agsociated with the highest singular
value performed Singular Value Decomposition on D*”.
Attribute Image Pairs. To obtain the image pairs, we first
collect images for each fashion attribute, e.g. ‘V Neckline’
which is one type of neckline. To create a counterpart
pair with the ‘V Neckline’ images, we manually revise
the corresponding part to another type of neckline using
Photoshop, e.g., revise the ‘V Neckline’ to ‘Round Neckline’
while keeping the rest the same. For each editing group
between two attributes (‘V Neckline” and ‘Round Neckline”)
within the same category (necklines), 20 image pairs are
prepared. For categories related to length variation, such as
sleeve length, only 20 short-to-long image pairs are needed.
Consequently, the total number of manually created images
for 78 fine-grained fashion attributes is 860. These were
completed in two days with the assistance of five experts,
resulting in low costs.

5 EXPERIMENTS

This section is organized to demonstrate the effectiveness of
the proposed approach by answering three questions:

e Is the introduced inversion method superior to state-
of-the-art inversion methods?

o Is the proposed editing algorithm more advanced than
existing editing methods?

e Can our inversion model and editing algorithm truly
achieve the set goal, i.e., any fashion attribute editing?

Specifically, Subsection 5.1 introduces the experimental
settings. Subsection 5.2 demonstrates the advantages of the
proposed inversion method compared to GAN-based and
Diffusion-based methods. Meanwhile, we present ablation
study results to assess the effectiveness of the proposed
technical components in Twin-Net. To further illustrate its
generalization ability, we also present the inversion results
on the general domain. Additionally, Subsection 5.3 focuses
on showcasing the advancements of the proposed editing
algorithm. We report the editing accuracy and conduct a
disentanglement analysis to prove that our editing method
indeed shows advancement. Finally, in Subsection 5.4, we
present the results of our approach, i.e., using our inversion
model to obtain the latent codes and then using our editing
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method to manipulate the fashion attribute, thus achiev-
ing any fashion attribute editing, including fine-grained
attribute editing, independent attribute editing, and contin-
uous attribute editing. We also present the editing results on
different body shapes to demonstrate its robustness.

5.1 Experinment Settings

Dataset. We conducted experiments on three sub-datasets
(AFED-S-Color, AFED-S-Print, AFED-H-Product) to verify
the fashion attribute editing capabilities of the proposed
dataset. For the AFED-S-Color and AFED-S-Print sub-
datasets, 90% of the data is used for training and 10% for
testing. The AFED-H-Product sub-dataset contains 210,000
images for training and 20,000 images for testing.

Additionally, to demonstrate the generalization ability

of our proposed Twin-Net framework, we conducted exper-
iments on a public general face dataset. We trained Twin-Net
on the FFHQ [70] dataset and tested it on the Celeb-HQ [74]
dataset.
Baseline Comparisons. We benchmarked the proposed
Twin-Net with state-of-the-art GAN inversion methods
such as pSp[24], ede[25], ReStyle[29], HFGI[31], StyleT[75],
FeatureStyle[76], and StyleRes[30]. In addition, we report
the results with diffusion-based methods, including pix2pix-
zero [77], DragDiffusion [6] and RegionDrag [78].

To demonstrate the effectiveness of the proposed editing
algorithm, we further present comparative results with ad-
vanced image editing algorithms, including GANSpace [38],
InterFaceGAN [15], ReSeFa [46] and DragGAN [19].
Evaluation Metrics. Following standard practice, we report
results based on five metrics to evaluate the performance
of inversion methods on two tasks: reconstruction ability
and editability. When evaluating the reconstruction per-
formance of methods, we focus on the similarity between
the reconstruction result of the methods and the input
image without performing any image editing operations.
To this end, we use the following three evaluation metrics:
mean squared error (MSE)[79], structural similarity index
measure (SSIM)[80], and learned perceptual patch similarity
(LPIPS)[81]. MSE measures the mean squared error between
the reconstruction result and the input image. SSIM evalu-
ates the visual similarity between the reconstruction result
and the input image. LPIPS computes perceptual similarity.
To standardize image size across these evaluation metrics,
we used 1024x512 pixels for AFED-S-Color and AFED-S-
Print, 512x256 pixels for AFED-H-Product.

In addition to these three metrics indicating reconstruc-
tion performance, we include the Fréchet Inception Dis-
tance (FID) [82] and Kernel Inception Distance [83], which
evaluates the realism of the edited images. To calculate the
Editing-FIDs and Editing-KIDs, we revise specific attributes
and compute the FIDs and KIDs between the original and
edited images. For a fair comparison, all Editing-FIDs and
Eidting-KIDs are based on the results of our proposed
editing method. Specifically, the 78 fine-grained attributes
can be categorized into six groups: neck, sleeve shape,
sleeve length, top length, pant length, and dress length. We
select a ‘start attribute” from each group: ‘Round Neckline’,
‘Regular Sleeves’, ‘Short Sleeves’, ‘Short Top’, ‘Shorts’, and
‘Mini Dress’. Then, we selectively edit the starting attribute
to other attributes within the same group, calculate the



TABLE 2: Comparison of the inversion methods on the AFED dataset. The abbreviation Ave. refers to Average.

AFED-S-Color

AFED-S-Print

AFED-H-Product

Method Reconstruction Editing Reconstruction Editing Reconstruction Editing
SSIM 1 LPIPS | MSE || FID | KID | ||SSIM 1 LPIPS | MSE ||FID | KID |||[SSIM 1 LPIPS | MSE ||FID] KID]
pSpl24] 0.9286 0.0669 0.0145| 39.55 0.0100||0.9190 0.0661 0.0122|51.63 0.0213||0.8383 0.1170 0.0325|57.42 0.0196
ede[25] 0.9181 0.0671 0.0182|40.15 0.0077|{0.9191 0.0629 0.0160|49.30 0.0124|0.8139 0.1290 0.0385|59.46 0.0190
ReStyle[29] 0.9238 0.0763 0.0155|39.28 0.0099||0.9120 0.0654 0.0161|50.46 0.0151||0.8067 0.1386 0.0397|60.91 0.0194
HFGI[31] 0.9330 0.0608 0.0126|38.39 0.0084|0.9302 0.0590 0.0122|48.26 0.0118|0.8890 0.0988 0.0221|55.94 0.0169
StyleTransformer[75] 0.9351 0.0625 0.0121|37.20 0.0073||0.9317 0.0664 0.0113|46.24 0.0161|/0.8413 0.1126 0.0321|52.24 0.0149
FeatureStyle[76] 0.9375 0.0541 0.0117|41.22 0.0124{0.9238 0.0564 0.0158|52.92 0.0137|/0.9187 0.0687 0.0164|51.54 0.0152
StyleRes[30] 0.9098 0.0736 0.0203| 41.37 0.0076]|0.9119 0.0691 0.0183|54.92 0.0129|/0.8033 0.1346 0.0414]60.31 0.0200
pixel2pixel-zero [77] 0.9322 0.0896 0.0118|145.30 0.0367|0.9324 0.0871 0.0147[168.56 0.0414(/ 0.9419 0.0894 0.009067.52 0.0195
DragDiffusion [6] ~ 0.9502 0.0804 0.0062| - - 1/0.9487 0.0509 0.0103| - - |/0.9606 0.0581 0.0058| - -
RegionDrag [75] 0.9336 0.0873 0.0106| - - ]/0.9330 0.0807 0.0122| - - |/0.9403 0.0919 0.0097| - -
Twin-Net(Ours) 0.9448 0.0549 0.0091|36.53 0.0067]]0.9369 0.0573 0.0099|45.20 0.0113[/0.9381 0.0726 0.0108]50.85 0.0143

FID and KID for each and report the average values. For
the ‘Round Neckline’, we edit it to ‘Shirt Collar’, ‘Square
Neckline’ and ‘V Neckline’. For the ‘Regular Sleeves’, we
edited it to ‘Bell Sleeves’, ‘Puff Sleeves’, and ‘Shirt Sleeve’.
For ‘Short Sleeves’, ‘Short Top’, ‘Shorts’, and ‘Mini Dress’,
we edit them to their corresponding longer versions. All the
test images for each ’start attribute” were randomly selected
from the test sets of three sub-datasets, with 150 images
for each attribute. Furthermore, to avoid the influence of
the image format on the evaluation metric results [84], all
evaluations use the PNG image calculation results.
Implementation Details of Inversion Methods. We use the
pre-trained StyleGAN2 [69] on AFED as the pre-trained gen-
erator Gy network for all inversion methods. All inversion
baselines were trained on the three AFED sub-datasets, us-
ing either the training code released by the original authors
or faithfully reproduced methods [30]. For Twin-Net, we use
ede [25] as the basic encoder Ejy. The distortion alignment
(DA) module and the consultation encoder £, module are
derived from HFGI [31]. Both G and Ej are fixed during
training. We adopt the Adam [85] optimizer and set the
learning rate to le~*. The batch size is set to 8, and the
number of iterations is 100,000. The weight coefficients for
the L, loss, perceptual loss, identity loss, Lsoper, and L, are
set to 1, 0.8, 0.1, 0.5, and 0.1, respectively.

For diffusion-based methods, we employ diffusion mod-
els as described in their original papers. Specifically, we uti-
lize Stable Diffusion-1.4[86] for pix2pix-zero[77], and Stable
Diffusion-1.5[41] for DragDiffusion[6] and RegionDrag [78]
as the base model. For pix2pix-zero, we obtain reconstruc-
tion results using the image and its original text embedding.
As for DragDiffusion, we fine-tune the LoRA [87] for the
input image and obtain its reconstruction results without the
need for additional masks and points. As for RegionDrag,
we obtain the construction result by setting the same source
and target region on the input image.

For testing the generalization ability, following the gen-
eral practice, we trained Twin-Net on the FFHQ dataset [70]
and tested it on the Celeb-HQ dataset [74].
Implementation Details of Editing Algorithms. The at-
tribute editing directions for GANSpace [38], InterFace-
GAN [15], and ReSeFa [46] are obtained via Principal
Component Analysis, linear SVMs training, and factoring
the target image region, respectively. For GANSpace, we
sampled 10,000 random vectors in the Z space and com-

puted their latent codes in the W space. Subsequently, we
performed Principal Component Analysis on these 10,000
latent codes. We adopted the first ten principal components
as editing directions and implemented layer-wise editing,
that is, applying these directions to specific layers. Fol-
lowing the method in [15], we divided the 18 layers of
StyleGAN into five groups: [0-1, 2-3, 4-5, 6-7, 8-17]. After
removing the group [8-17] used for color manipulation,
each attribute direction will have 40 choices (10x4). To
identify the semantic boundaries of fashion attributes in
InterfaceGAN [15], we first trained a ResNet-50 attribute
prediction model, following the approach described in the
paper. We then assign attribute scores to all 500K synthetic
images, sorted them, and selected the top 10K and bottom
10K samples as candidate datasets. We used the latent codes
of these samples in the W space to train an SVM to define
the semantic boundaries. In ReSeFA [46], the calculation of
attribute directions is based on the specific regions where
the attributes are located. For each region, the top 8 attribute
directions are selected for fashion attribute semantic search.
For DragGAN [19], we mask the target region of the fashion
image and provide the start and target points. The best-
matching images are manually selected for comparison. For
diffusion-based methods, we edit the input image following
the original papers. Specifically, we calculate the edit direc-
tion based on the prompts provided for pix2pix-zero[77],
specify the mask for the editing area and define the start
and end points for DragDiffusion[6].

5.2 Image Inversion Evaluation
5.2.1 Part | Comparison with GAN-based baselines

Quantitative Results. In Tab. 2, across all three sub-datasets,
our method outperforms all competing GAN-based inver-
sion methods in terms of SSIM, MSE, Editing-FID, and
Editing-KID (Ave.). Specifically, the improvements in per-
formance of the proposed method on the SSIM and MSE
metrics are not as significant as on the FID metric. This
suggests that while our GAN inversion method may have
relatively weaker advantages in detail preservation and
image reconstruction accuracy, it demonstrates superior per-
formance in the overall effect of image editing.
Simultaneously, it achieves LPIPS scores comparable to
those of FeatureStyle [76], suggesting a similar level of
perceptual consistency. Please refer to Tab I and II in the
Supplementary Materials for FID and KID details.
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Fig. 7: Comparison results of GAN-based methods. For each pair, from left to right is the inverted and edited result.
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Fig. 8: Comparison results of diffusion-based methods. For
each pair, from left to right is the inverted and edited result.

Qualitative Results. We present the qualitative results of
image inversion and editing in Fig. 7 and draw the following
insights: 1) Accurate Fine-Grained Attributes: The 2nd, 3rd,
5th, and 6th rows in Fig. 7 shows results with fine-grained
fashion attributes. Our method outperforms all baselines in
accurately reconstructing fashion attributes that are com-
mon in daily life but rarely seen in previous research. For
instance, in the sixth row, our method reconstructs the fine-
grained ‘Square Neckline” attribute, a task both HFGI and
StyleTransformer could not achieve. These results collec-
tively demonstrate that our method excels in reconstructing

fine-grained attributes. 2) Design detail consistency: The
results also illustrate that our method demonstrates superior
consistency in design details compared to the baselines, e.g.,
for the tops with an opening in rows 1 and 4, only our
results accurately reflect the split in the middle of the top.
Although HFGI, Restyle, and StyleT reconstructed the split
for the top in the first row, they failed to reconstruct the arc
shape of the lower part of the top. 3) Data dependencies:
Besides its advanced performance in image reproduction,
our method exhibits fewer dependencies on training data
than other methods. This is evident in 6th row. Baselines
are influenced by the training dataset and reconstruct the
‘Square Neckline” to “V Neckline” or ‘Round Neckline’. 4)
High-quality independent editing: Fig. 7 also shows at-
tribute editing results on all inversion baselines using our
proposed editing algorithm. It can be observed that, except
for the FeatureStyle method, all other methods execute the
editing of target attributes. This indicates that the attribute
editing algorithm we proposed possesses a certain level
of universality. Moreover, while facilitating target attribute
editing, our approach ensures the invariance of the remain-
ing attributes in all inversion methods (except FeatureStyle).
This illustrates that our proposed editing algorithm can edit
attributes independently. When combined with the GAN
inversion method we proposed, we can thus achieve high-
quality image attribute algorithm.

5.2.2 Part Il Comparison with Diffusion-based baselines

Quantitative Results. We report the results of three recent
diffusion-based methods in the last three rows of Table 2.
Undeniably, the diffusion-based model excels in product
image inversion, as indicated by results on SSIM, LPIPS,
and MSE metrics. However, the poorer performance on
Editing-FIDs suggests that this type of method may strug-
gle with attribute editing. Meanwhile, it is noticeable that



TABLE 3: Quantitative results of ablation study.
Editing-FIDs

| Reconstruction

Method

SSIM 1 LPIPS | MSE J||SL(+) SL(-)
Pipelinel w/o DA |0.9181 0.0671 0.0182(|29.09 30.11
Pipelinel w/ DA 0.9178 0.0686 0.0170(|31.15 35.58
Pipelinel + Pipeline2|0.9326 0.0620 0.0122|/30.34 28.37

TABLE 4: Quantitative results of ablation study. ‘w/o all’
refers to Twin-Net w/o Sobel Loss and w/ random direc-
tion.

Method Reconstruction Editing-FIDs
SSIM 1 LPIPS | MSE | |SL(+) SL(-)
w/o all 0.9326 0.0620 0.012230.34 28.37
w /o0 Sobel Loss 0.9435 0.0554 0.0094|28.20 27.47
w/ random direction 0.9344 0.0611 0.0118 (29.84 27.93
w/all (Ours) 0.9448 0.0549 0.0091 ‘27.29 26.45

the diffusion-based model has a significant drawback in
computation time compared to GAN-based models. The
editing inference times for diffusion-based methods are
markedly higher: 35 seconds for pix2pix-zero, 78 seconds for
DragDiffusion, and 1.5 seconds for RegionDrag, compared
to GAN-based methods, with Twin-Net being 0.14 seconds
and thus 10 to 500 times faster. The slow editing process not
only prevents real-time editing but also degrades the user
experience due to long wait times.
Qualitative Results. As shown in Fig. 8, our observations
are as follows: 1) The diffusion-based method demonstrates
a superior inversion capability in terms of the realism of
the generated images. For instance, the fabric prints and
textures produced by this type of method are more realistic
than those of our approach. 2) The diffusion-based model,
when not fine-tuned (e.g., pix2pix-zero, RegionDrag), per-
forms poorly in the sketch domain. In contrast, DragDiffu-
sion with LoRA fine-tuning performs better. However, it is
time-consuming, as it requires fine-tuning for each input im-
age. 3) Most importantly, the three diffusion-based methods
exhibit a weak ability in attribute editing, even for the most
basic manipulations such as length adjustment, e.g., the first
two rows of Fig.8, these methods attempted revisions but
ultimately failed. The qualitative results further support the
conclusion drawn above, i.e., the current diffusion models
although have a good performance on image reconstruction,
brings difficulties in editing. This contrast highlights the
research potential for improving diffusion-based methods
in attribute editing in future work.
5.2.3 Part Ill Ablation Study
We conducted experiments to evaluate the efficacy of each
proposed design choice, including the Twin-Net structure,
those without Sobel Loss, with Sobel Loss, with random
direction, and with semantic direction on the AFED-S-Color
dataset. The quantitative results are detailed in Tab. 3 and
Tab. 4, and qualitative results are depicted in Fig. 9. The
structure of the Twin-Net, the Sobel Loss and semantic direc-
tion significantly enhance the inversion performance across
all evaluation metrics. Further analysis of the visualized
inversion results yielded the following insights:

1) Global shape and grained attribute accuracy: The
proposed semantic attribute direction has notably improved
the global shape and contributed to attribute consistency at

[
TN

]
wi/o all ‘

)
SA

w/o Sobel Loss x

w/ random
direction

Fig. 9: Qualitative results of ablation study.

the semantic level. For instance, in the 1st, 2nd, 3rd, and
4th columns of Fig. 9, the semantic direction significantly
aided the successful inversion of ‘Cami Off-shoulder’, ‘One
Shoulder’, ‘Asymmetric Skirt’, and ‘Square Neckline’.

2) Design details and local region: The proposed Sobel
Loss contributes to local design details, as seen in the
3rd column of Fig. 9. It ensures consistent auxiliary lines
depicting folds and layering, producing more realistic cloth-
ing representations. Despite its minor improvements at the
image level, especially compared to the global shape and
attribute accuracy from the semantic direction, Sobel Loss
enhances the fidelity of inversion results in fashion design.
It guides accurate local region reconstruction, complement-
ing the semantic direction’s global shape support. This is
evident in columns 4 to 10 of Fig. 9. For instance, while
the semantic direction identifies the ‘Split Crew’ neckline
in the 9th column, it struggles to reconstruct this attribute
without Sobel Loss accurately. This is also evident in the
10th column, where only our method successfully inverts
the one-shoulder ruffle dress.

5.2.4 Part IV Comparison Results on General Domain
Quantitative Results. Following [30], we reported a com-
parison of the reconstruction and editable ability in Tab. 5.
The comparison shows that our Twin-Net outperforms all
competing methods regarding SSIM, MSE, and FIDs. The
LPIPS of Twin-Net, at 0.10, is slightly lower than that of
StyleRes, which stands at 0.09. Despite this minor setback
in the LPIPS metric, the overall performance of Twin-Net is
commendable.



TABLE 5: Quantitative comparison of the reconstruction and
editing on the CelebA-HQ dataset. For reconstruction, we
report SSIM, LPIPS and MSE scores. For editing, we report
FID metrics for smile addition (+) and removal (-).

Method Reconstruction Editing-FIDs
SSIM 1 LPIPS | MSE | |Smile(+) Smile(-)
pSpl24] 075 017 0.03 | 3247 340
ede[25] 0.71 021 0.03 | 3858 39.68
ReStyle[29] 073 020 - 30.35 33.69
HFGI[31] 085 013 0.027| 25.22 27.10
StyleTransformer[75] 0.75  0.17 0.036 | 34.32 34.61
FeatureStyle[76] 0.90 0.10 0.019| 2720 26.15
StyleRes[30] 090  0.09 21.80
Twin-Net(Ours) 0.94 0.10 20.15

Input Reconstruct  + Smile

- Smile +Age

Fig. 10: Qualitative results of Twin-Net on the Celeb-A
dataset. The semantic directions are from InterfaceGAN.

Qualitative Results. We present the results of face image
inversion and editing in Fig. 10. Our approach excels in
maintaining high fidelity to the input images, preserving
identity and intricate details during editing. In the 1st row,
the background remains unchanged. In the 2nd row, our
method successfully reconstructs and preserves the earrings
throughout the process. In the 3rd row, we edit target
attributes without affecting complex occlusions like hats and
cigarettes. These results demonstrate that Twin-Net exhibits
robust image reconstruction and editing capabilities on a
general dataset.

5.3

After checking the advancement of the proposed inversion
method, we start to examine the effectiveness of the pro-
posed editing algorithm. For a fair comparison, all results in
this section are based on the pretrained model which uses
the proposed Twin-Net.

5.3.1 Part | Editing Accuracy

To evaluate the accuracy of an editing algorithm, it is neces-
sary to first prepare the images that require editing. The
corresponding attribute-editing algorithm is then applied
to modify these images to the target attributes. Finally, the
accuracy of the editing algorithm in achieving the desired
changes in the target attributes is assessed. A detailed
description of this process follows.

Preparation of Test Images for Editing Test images
for editing were prepared across three sub-datasets. For
the AFED-S-Color and AFED-H-Product subdatasets, test
images with six attributes were selected: ‘Short Top’, ‘Short
Dress’, ‘Short Pants’, ‘Short Sleeves’, ‘Regular Sleeves” and
‘Round Neckline’. The AFED-S-Print dataset, which con-
tains only men’s clothing, included test images with the
remaining five attributes, excluding ‘Short Dress’. For each

Image Editing Evaluation
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TABLE 6: Attribute recognition accuracy. The abbreviation
‘S. refers to ‘Sleeves’, and ‘N.” refers to ‘Neckline’, respec-
tively.

Q ‘zig) 5@ o :
S RS
& & S S 53 o§
Data & & & & & 54
AFED-S-Color 98.00 97.33 100.00|97.33 92.67 94.00
AFED-S-Print 95.33 - 100.00 {100.00 94.00 96.67
AFED-H-Product 95.33 93.33 99.33 |99.33 91.33 92.67

attribute within each dataset, 150 test images were ran-
domly selected from the corresponding attribute images of
test set. In total, (150x6x2 + 150x5 = 2,550) images were
selected for testing, and these test images will be made
publicly available.

The target attributes are defined as follows: ‘Short Top” is
edited to ‘Long Top’; ‘Short Dress’ is edited to ‘Long Dress’;
‘Short Pants’ is edited to ‘Long Pants’; ‘Short Sleeves’ is
edited to ‘Long Sleeves’; ‘Regular Sleeves’ is edited to ‘Bell
Sleeves’; ‘Round Neckline’ is edited to ‘Shirt Collar” and ‘V
Neckline’, respectively.

Editing Accuracy Evaluation To evaluate the per-
formance of attribute editing algorithms, we employed
the recently open-sourced universal recognition model of
Qwen2.5-VL?. This model takes an image and a query as
input, and then interprets the user’s query within the image
using the model’s capabilities. When using this model, we
input the image containing the attribute to be identified,
along with the corresponding prompt, and then obtain the
model’s explanation as output. Specifically, to determine the
length of the top in the image, we input the prompt: “What
is the top length in the image? Please select long top or short
top. Judging criteria: the top length is short if it is above the
navel, and long if it is below the navel.” For all remaining
attribute recognition prompts, please refer to Tab III in the
Supplementary Materials.

The attribute recognition accuracy of Qwen2.5-VL on
the test images of three subdatasets is shown in Table 6.
It can be seen that the recognition accuracy of Qwen-2.5 in
test images with known attributes reaches 90%. This shows
that the model also has high accuracy in fashion attribute
recognition.

Based on Qwen2.5-VL outstanding performance in at-
tribute recognition tasks, we utilized this model to evaluate
the ability of attribute editing algorithms, GANSpace [38],
InterfaceGAN [15] and ReSeFA [46], in AFED-S-Color,
AFED-S-Print, and AFED-H-Product. The results are illus-
trated in Fig. 11. The horizontal axis lists the target at-
tributes for editing. The vertical axis represents the accuracy
with which the Qwen2.5-VL model recognizes the edited
attribute as the target attribute. Overall, the proposed Pair-
PCA achieved the highest editing accuracy across all target
attributes in the three subdatasets. Except for the "long top”
and ”shirt collar” in the AFED dataset, the editing accuracy
for the remaining attributes reaches 80% or higher. Notably,
the editing accuracy for the “long sleeve” and “long pants”
attributes across the three subdatasets even achieves 90%

2. https:/ /github.com/QwenLM/Qwen2.5-
VL /blob/main/cookbooks/
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or above. Following that, InterfaceGAN [15], which uses an
auxiliary classifier, demonstrated satisfactory performance
on multiple attributes by training SVM semantic bound-
aries on a large set of scored and filtered synthetic data.
Next, GANSpace [38], whose editing accuracy is based on
the semantic directions obtained from the principal com-
ponent analysis. These semantic directions require man-
ual verification, resulting in relatively larger fluctuations
in identification accuracy across different attributes in the
three subdatasets. The method with the lowest accuracy is
ReSeFA [46]. ReSeFA depends on the accurate definition of
attribute regions in the images. Using a uniform region def-
inition places higher demands on the consistency of model
poses across the dataset. Consequently, on the AFED-H-
Product dataset, which exhibits significant pose variations,
the method’s attribute editing accuracy is notably reduced,
especially for attributes related to sleeves and necks.

5.3.2 Part Il Disentanglement Analysis

In addition to studying the accuracy of attribute editing, we
further study the correlation between the semantic direc-
tions computed by the GANSpace, InterfaceGAN, ReSeFA
editing algorithms, and our proposed PairPCA across three
subdatasets. To be more precise, for any two semantic direc-
tions 1 and ng, we calculate the cosine similarity between

them using the formula cos(nq,n2) = ni?ng. Here, both
ny and ng are unit vectors. The value of cos(nq,ng) is
within the range [1,1]). The closer the similarity is to 1
or -1, the lower the degree of decoupling between the
two attributes, meaning that when editing attribute 14, the
impact on attribute n, is greater; conversely, the closer the
similarity is to O, the higher the degree of decoupling be-
tween the two attributes, and when editing attribute n4, the
influence on attribute ny is less. The results are presented
in Table 7. Our method is superior to the baselines on all
attributes and datasets, which indicates the advantage of
our method on attribute disentaglment.

Qualitative Results. Fig. 12 presents a comparison of the
editing results of our method with other state-of-the-art
techniques (GANSpace [38], InterFaceGAN [15], ReSeFA
[46], and DragGAN [19]). Each example demonstrates that
our method significantly outperforms baseline methods
in terms of editing quality. ReSeFA and DragGAN have
limitations in editing “uncommon” attributes. ReSeFA has
minimal impact on the editing results, especially in terms
of sleeve and collar types, while DragGAN causes severe
deformations even with mask constraints (as shown in the
example of sleeve length editing). GANSpace has achieved
partial success in editing “uncommon” attributes but still
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suffers from attribute entanglement in some cases. For ex-
ample, when editing sleeve length in the AFED-H-Product
dataset, posture also changes. Moreover, GANSpace re-
quires manual verification of editing directions, which in-
creases the cost of use. InterFaceGAN has achieved good
results in some attributes, but attribute entanglement re-
mains significant. For example, when editing a top length
in the AFED-S-Print dataset, the results show characteristics
of a long sleeve. This further illustrates its insufficiency
in disentanglement. Additionally, the process of InterFace-
GAN is relatively complex, requiring an auxiliary classifier
to categorize and score 500K synthetic images for training
SVM semantic boundaries. This process is challenging to im-
plement for unannotated datasets. In contrast, our method
achieves comparable or even better results with only a small

number of supervised data pairs, both in terms of attribute
accuracy and disentanglement of editing directions.

5.4 Any Fashion Attribute Editing

We present the results with fine-grained, independent, and
continuous attribute editing to verify whether our approach
can achieve any fashion attribute editing. Additionally, we
showcase editing results on various body shapes.

1) Fine-grained Attribute Editing: To demonstrate our
method’s superiority, additional fine-grained fashion at-
tribute editing examples are presented in Fig. 13 (a). In the
first example of Fig. 12, we successfully changed the ‘Split
Crew’ to a ‘Polo Collar’. We can also change it to other
necklines such as ‘Chelsea’, which is a more oversized lapel
than the ‘Notch’ (the 3rd example in Fig. 13 (a)). Another
type of lapel is the ‘Shawl’ (the 2nd example in Fig. 13
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(a)), which has no split in the middle. In all examples in
Fig. 13 (a), the bottom line of the tops and pants remains in
the same horizontal line. This demonstrates the robustness
of our method in changing the desired attributes while
maintaining the rest unchanged.

2) Independent Attribute Editing: Besides fine-grained
attributes, our methods also excel at changing the attribute
independently. As shown in Fig. 13 (b), for sleeve length
(originally ‘sleeveless’), we present edited results with
‘Cap’, ‘Short’, ‘Medium’, and ‘Long Sleeves’. Regarding
bottom length (originally ‘Mixi’), we provide examples of
‘Mini’, ‘Short’, ‘Above-the-Knee’, ‘Knee’, ‘Cocktail’, ‘Midi’,
‘Long’, and ‘Floor Length’. Finally, for top length (originally
‘Regular’), the 1st row shows examples of changing it to
‘Short’, while the 2nd row demonstrates the opposite change
to ‘Long’. It can be seen that as the clothing is shortened,
the human body is successfully reconstructed. Notably, the
pants, especially the part of the waistband, are also recov-
ered. Conversely, as the top length increases, it naturally
covers the pants without any unnatural deformation.

3) Continuous Attribute Editing: To show the flexibility
of our method, we present continuous editing results on
both sketch image and product image in Fig. 13 (c). In the
left example, we begin with an initial fashion sketch of a
shirt featuring a ‘Split Crew Neckline’ and ‘Sleeveles De-
sign’. We then sequentially edit the image to alter the collar
to a shirt collar and adjust the length twice, showcasing our
method’s capacity for continuous multiple attribute edits.
It’s crucial to highlight that these edits are not merely a re-
sult of combining two latent directions in a single generation
step. Instead, the process involves re-encoding the edited

shirt collar image and adjusting its latent code to ensure
a seamless and precise transformation. Similarly, in the
second dotted box, we can further manipulate the image by
changing the shape of the sleeves. This showcases the ver-
satility of our method in performing multiple attribute edits
consecutively. Furthermore, we demonstrate the power of
our method by performing edits in a loop in Fig. 13 (c) (iii):
iterative and progressive changes to the attributes, achieving
a smooth and continuous transformation. We performed
similar operations on product images, demonstrating our
method’s powerful ability to edit images continuously.

4) Editing on Diverse Bodyshapes: To show the robust-
ness of our approach, we report the test results on different
body shapes. Specifically, we categorized body shapes into
four types based on the three-dimensional proportions of
the human body: O (obese), X+ (slightly overweight), X-
(slightly underweight), and H (slim). Then, we searched for
images that meet these criteria from the AFED-H-Product
dataset to showcase the editing results, as shown in Fig. 14.
It is evident that, despite our attribute image pairs not
specifically targeting different body shapes, our PairPCA
method still achieves accurate and faithful editing effects
across various body types. The conclusion remains the
same for both ‘common’ attribute edits (such as bottom
length, sleeve length, and “V Neckline’) and ‘uncommon’
attribute edits (such as ‘Puff Sleeves’, ‘Irregular Neckline’,
and ‘Square Neckline’).

6 LimITATION AND FUTURE WORKS

As shown in Fig. 12, our method significantly outperforms
other editing baselines in single-edit scenarios, including
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reconstructing high-frequency body attributes such as the
model’s face. However, it exhibits limitations during mul-
tiple consecutive edits. As Fig. 13(c) demonstrates, our
method modified high-frequency body attributes when con-
tinuous editing (edit on the edited result). Future research
should consider developing advanced model architectures
and training strategies to mitigate such issues when con-
tinuous editing, optimizing facial areas with specialized
techniques, and expanding the training dataset to include
images rich in high-frequency attributes.

7 CONCLUSION

We focus on fashion attribute editing with the AFED dataset
and Twin-Net framework. AFED comprises 830K high-
quality fashion images, providing a large-scale dataset for
editing tasks. Twin-Net enables high-fidelity image inver-
sion for precise and diverse editing. Additionally, Pair-
sPCA enhances editing by identifying semantic directions,
ensuring accuracy without manual supervision. Extensive
experiments confirm the effectiveness of our approach.
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