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DiffFashion: Reference-Based Fashion Design With
Structure-Aware Transfer by Diffusion Models
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Abstract— Image-based fashion design with AI techniques has
attracted increasing attention in recent years. We focus on the
reference-based fashion design task, where we aim to combine a
reference appearance image and a clothing image to generate a new
fashion clothing image. Although existing diffusion-based image
translation methods have enabled flexible style transfer, it is often
difficult to transfer the appearance of the image realistically during
reverse diffusion. When the referenced appearance domain greatly
differs from the source domain, it often leads to the collapse in the
translation. To tackle this issue, we present a novel diffusion model-
based unsupervised structure-aware transfer method, namely
DiffFashion. Our method is free of model tuning and structure-
preserving and has high flexibility in transferring from images with
large domain gaps. Specifically, based on the optimal transport
properties, we keep a shared latent across the clothing image and
reference appearance image to bridge the gap between the two
domains in the denoising process, and the latent of the reference
image is gradually adapted to the clothing domain. Simultaneously,
the structure is transferred from the source clothing to the output
fashion image with mixed guidance, including pre-trained Vision
Transformer (ViT) guidance and a foreground mask guidance,
to further preserve the structure and appearance semantics from
source and reference images. Our experimental results show that
the proposed method outperforms state-of-the-art baseline models,
generating more realistic images in the fashion design task.

Index Terms—Fashion design, diffusion models, structure-
aware.
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I. INTRODUCTION

IMAGE-BASED fashion design with artificial intelligence
(AI) techniques [1], [2], [3], [4], [5], [6] has attracted increas-

ing attention in recent years. There is a growing expectation that
AI can provide inspiration for human designers to create new
fashion designs. One of the emerging tasks in fashion design is to
add specific texture elements from non-fashion domain images
into clothing images to create new fashions. For example, given
a source clothing image, a designer may want to generate a new
fashion design with the appearance of another domain object as
a reference, as shown in Fig. 1.

Generative adversarial network (GAN)-based methods [2],
[7], [8] are commonly adopted in the fashion design task. How-
ever, GAN-based methods have several limitations. They usu-
ally require a large number of training samples to ensure the
realism of the new fashion. In addition, it is difficult to gen-
eralize the trained model to novel and unseen styles. Further-
more, they can hardly have good control over the appearance and
shape of clothes when transferring from non-fashion domain im-
ages. Image transfer methods, like neural style transfer (NST),
have shown great success in transferring artistic styles [9], [10],
[11], [12]. They have more flexibility than GAN-based meth-
ods, which can be easily extended to novel-style translation.
Recently, diffusion models [13], [14], [15] have been applied
in various generative tasks, such as text image generation [16],
[17] and image translation [18], due to the realism of their gener-
ated results. Some approaches [19], [20] consider both structure
and appearance in image transfer. For example, Kwon et al. [19]
use a diffusion model and a special structural appearance loss
for appearance transfer, which performs well in transforming
the appearance between similar objects, such as from zebras to
horses and from cats to dogs.

However, there are two main challenges when applying the
commonly used image transfer methods to the reference-based
fashion design task. First, common image transfer methods have
a big degradation when the source and reference images have
large domain gaps. As shown in the examples of Fig. 1, the
source is the handbag image, while the reference is the ocean
animal image. The semantic features of reference appearance
images are usually far different from the source clothing images.
As a result, commonly used image transfer methods usually gen-
erate unrealistic fashions in this task and difficult to transfer the
appearance. Besides, these methods only transfer the style or ap-
pearance, which can hardly convert the appearance to a suitable
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Fig. 1. Examples of the reference-based fashion design task. Given a source clothing image and a referenced appearance image, our method can generate a new
fashion clothing image.

texture material by using a non-clothing image. For example,
the recently proposed diffusion-based methods [19], is based on
the similarity of the semantically related objects in vision trans-
former (ViT) [21] features, which generates poor results in the
reference-based fashion design task. Second, to ensure the re-
alism of the generated results, image transfer methods usually
require a large number of training samples from both source
and target domains [22]. However, there are no samples avail-
able for newly designed output domains, resulting in a lack of
guidance during the transfer process. Thus, the generated new
fashion images are likely to lose the structural information of the
input clothing images. To address the aforementioned issues, we
propose an unsupervised transfer framework based on diffusion
models, namely DiffFashion, which semantically generates new
fashion clothes from a source clothing image and a reference ap-
pearance image. Our method is free of model tuning in adapt-
ing to novel styles and objects, structure-preserving, and has
high flexibility in transferring from images with large do-
main gaps. In contrast to existing diffusion-based image trans-
lation methods, where images from different domains employ
distinct latent embeddings in the denoising process [19], our
approach maintains a shared latent representation across cloth-
ing images and reference appearance images. This shared latent
representation, guided by optimal transport properties, serves to
bridge the gap between the two domains, significantly enhancing
the transferability capability. In the diffusion reverse process, the
latent representation of the reference image is gradually adapted
to the clothing domain. Simultaneously, the structure is trans-
ferred from the source clothing to the output fashion image with
mixed guidance, including the pre-trained Vision Transformer
(ViT) guidance and a foreground mask guidance, to further pre-
serve the structure and appearance semantics from source and
reference images. As a result, the proposed DiffFashion can learn
the patterns from the reference image and the output fashion re-
mains realistic even if there is a big domain gap between source
and reference images. The process is illustrated in Fig. 2. Our
contributions are summarized as follows:

� We propose a novel unsupervised diffusion model-based
fashion design method. As far as we know, this is the first
work that extends the diffusion model into the fashion de-
sign field.

� We introduce a novel transfer strategy based on the optimal
transport properties to gradually adapt the latent from the
reference appearance image to the output clothing image,
which addresses the issue of large domain gaps and differs
from existing diffusion-based image translation methods.

� We adopt the mixed guidance, including the mask guidance
and ViT guidance, to further transfer both structure and
appearance to the output fashion in the denoising process.

� Extensive experimental zero-shot fashion design results,
including handbags, slippers, pants and hats fashions, ver-
ify that our method achieves state-of-the-art (SOTA) per-
formance in generating new fashions.

The outline of the article is as follows: In Section II, we review
state-of-the-art (SOTA) fashion design and image translation
methods. Section III introduces the preliminary background of
DDPM. We introduce our proposed method in Section IV. The
experiments of our proposed method are provided in Section V,
followed by the conclusion and future work in Section VII.

II. RELATED WORK

A. Fashion Design

Fashion design models aim to design new clothing from a
given clothing collection. Sbai et al. [3] first use GAN to learn the
encoding of clothes, and then use the latent vector to perform the
stylistic transformation. Recently, there has been an increased
focus on intelligent fashion design, with more methods aim-
ing to design new fashion items based on disentangled textures
and shapes. Inspired by Conditional GAN [23], Sketched-based
methods [5], [8] use the sketch image of the clothes to control the
generated structure. However, these methods require additional
information input, and using texture propagation will decrease
the realism of the generated images.
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Fig. 2. Pipeline of our approach. (a) Diffusion and Denoising: We denoise the reference appearance image xA
0 . In the denoising process, we use the mask in

(b) to replace the background with pixel values obtained from the encoding process at the same timestamp. Mixed guidance is used in the denoising process.
(b) Mask Guidance: We add noise to clothing image xS

0 , and then use different label conditions to estimate the noise. The semantic mask of the xS
0 can be obtained

from the noise difference. (c) Structure Guidance and (d) Appearance Guidance: We use DINO-VIT features to compute structure loss between xA
t and xS

0 ,
appearance loss between xA

t and xA
0 , to guide the denoising process. The pre-trained model is frozen and the gradient flow is updated directly on the output image.

Jiang et al. [24] first combine the methods of patch-based
GAN and NST to extract texture information more compre-
hensively. Yan et al. [25] combined patch-based GAN and a
learnable semantic disentanglement attention-based encoder to
better disentangle the structure and texture information, which
enhances the authenticity of the generated results. However,
training a patch-based GAN requires a large amount of data.
In addition, because the transformation is based on the patch
similarity, the generated results mainly involve the transfer of
overall color and small local textures, rather than the patterns of
the reference image. Besides, all these GAN-based methods in-
volve adversarial training, which can be challenging, and these
methods are limited to the dataset on which they are trained.

B. Image-to-Image Translation

The image-to-image translation often uses a GAN network
to learn the mapping between the source and the target domain.
Paired data methods like [26], [27] use the target image corre-
sponding to each input for the condition in the discriminator.
Unpaired data methods like [28], [29], [30] decouple the com-
mon content space and the specific style space in an unsupervised

way. But both these methods require amounts of data from both
domains. Besides, the encoding structure of GANs makes it dif-
ficult to decouple appearance and structural information. When
the gap between the two domains is too large, the result may not
be transformed [30], [31], [32] or have lost information from the
original domain [33].

Recently, denoising diffusion probabilistic models (DDPMs)
have emerged as a promising alternative to GANs in image-to-
image translation tasks. Palette [22] firstly applies the diffusion
model in image translation and achieves good results in col-
orization, inpainting, and other tasks. However, this approach
requires the target image as a condition for diffusion, making it
infeasible for unsupervised tasks. For appearance transfer, Dif-
fuseIT [19] uses the same DINO-ViT guidance as [20], which
greatly improves the realism of the transformation. However, it
still cannot solve the problem of lacking matching objects in the
clothing design task.

C. Neural Style Transfer (NST)

Neural style transfer (NST) has shown great success in trans-
ferring artistic styles. There are mainly two types of approaches
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to modeling the style or visual texture in NST. One is based
on statistical methods [9], [10], in which the style is char-
acterized as a set of spatial summary statistics. The other is
based on non-parametric methods, such as using Markov Ran-
dom Field [11], [12], in which they swap the content neural
patches with the most similar ones to transfer the style. After
texture modeling, a pre-trained convolutional neural network
(CNN) network is used to complete the style transfer. Although
NST-based methods work well for global artistic style transfer,
their content/style decoupling process is not suitable for fashion
design. In addition, NST-based methods assume the transfer is
between similar objects or domains. Tumanyan et al. [20] pro-
pose a new NST loss from DINO-ViT, which succeeds in trans-
ferring appearance between two semantically related objects,
such as “cat and dog” or “orange and ball”. However, in our
task, there are no specific related objects between the clothing
image and the appearance image.

III. PRELIMINARY OF DENOISING DIFFUSION PROBABILISTIC

MODELS

Diffusion probabilistic models [13], [14], [15] are a type of
latent variable model that consists of a forward diffusion pro-
cess and a reverse diffusion process. In the forward process,
we gradually add noise to the data, and then sample the latent
xt for t = 1, . . ., T as a sequence. Noise added to data in each
step is sampled from a Gaussian distribution, and the transmis-
sion can be represented as q(xt|xt−1) = N (

√
1− βtxt−1, βtI),

where the Gaussian variance {βt}Tt=0 can either be learned or
scheduled. Importantly, the final latent encoding by the forward
process can be directly obtained by,

xt =
√
αtx0 +

√
(1− αt)ε, ε ∼ N (0, I), (1)

where αt = 1− βt and αt =
∏t

s=1 αs. Then in the reverse pro-
cess, the diffusion model learns to reconstruct the data by denois-
ing gradually. A neural network is applied to learn the parameter
θ to reverse the Gaussian transitions by predicting xt−1 from xt

as follow,

pθ(xt−1|xt) = N (xt−1;μθ(xt, t), σ
2I). (2)

To achieve a better image quality, the neural network takes the
samplext and timestamp t as input, and predicts the noise added
to xt−1 in the forward process instead of directly predicting the
mean of xt−1. The denoising process can be defined as,

μθ(xt, t) =
1√
αt

(
xt − 1− αt√

1− αt
εθ(xt, t)

)
, (3)

where εθ(xt, t) is the diffusion model trained by minimizing the
objective, i.e.,

L(θ) = Et,x0,ε[(ε− εθ(
√
αtx0 +

√
1− αtε, t))

2]. (4)

In the image translation task, there are two mainstream meth-
ods to complete the translation. One uses the conditional diffu-
sion model, which takes extra conditions, such as text and labels
as input in the denoising process. Then the diffusion model εθ
in (3) and (4) can be replaced with εθ(xt, t, y), where y is the

TABLE I
DETAILED DESCRIPTION OF THE NOTATIONS MENTIONED IN THIS PAPER

condition. The other type of method [34] uses pre-trained clas-
sifiers to guide the diffusion model in the denoising process and
freezes the weights of the diffusion model. With the diffusion
model and a pre-trained classifier pφ(y|xt), the denoising pro-
cess μθ(xt, t) in (3) can be supplemented with the gradient of
the classifier, i.e., μ̂θ(xt, t) = μθ(xt, t) + σt∇logpφ(y|xt).

IV. PROPOSED METHOD

A. Overview of Fashion Design With DiffFashion

Given a source clothing image xS
0 and a reference appear-

ance image xA
0 , our proposed DiffFashion aims to design a new

clothing fashion x̂0 that can preserve the structure from xS
0 and

the appearance from xA
0 while keeping it realistic, as shown in

Fig. 1. The detailed description of the notation is provided in
Table I. Two main challenges need to be addressed when simply
applying image translation methods in this setting. Firstly, com-
mon image translation methods have a big performance drop
when the source and reference images have large domain gaps.
Secondly, to ensure the realism of the generated results, image
translation methods usually require a large number of training
samples from both source and target domains. However, there
is no samples available for newly designed output domains, re-
sulting in a lack of guidance during the transfer process.

The proposed DiffFashion addresses these two issues with a
novel transfer strategy based on the optimal transport properties
and mixed guidance to generate fashion output in the denois-
ing process. The framework is shown in Fig. 2 and details are
illustrated in the following sections.

B. Structure-Aware Transfer Diffusion

For diffusion-based translation methods [19], [35], they usu-
ally assume the source and target images are within the same or
similar domains. In the denoising process, such methods initial-
ize the target image by the input structure or content image to
keep the structure similarity high enough, and then transfer the
appearance or style based on the loss guidance. However, when
there is a large domain gap between the source and reference
images, it is difficult to transfer the appearance of the reference
image to a new fashion clothing image with the loss of guidance.
Besides, when using a natural non-clothing image for appear-
ance reference, the generated texture becomes unrealistic and
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Fig. 3. Transfer difference between DiffuseIT and our method.

not suitable for clothing since these methods cannot well cover
the large domain gaps.

To be specific, our proposed DiffFashion addresses the above
challenges with a novel structure-aware transfer strategy. Unlike
existing diffusion models [19] that take source image xS

0 as in-
put and transfer the reference appearance image xA

0 to generate
output target image x̂0, we generate fashion clothes x̂0 from xA

0

directly, as shown in Fig. 3. This transfer is guaranteed by the
optimal transport properties [36] of the forward procedural en-
coder of DDPM. Given an original data distribution ϕ0, DDPM
encoder performs a Monge optimal transport between ϕ0 and
N (0, I),

xA
T = Eϕ0

= Σ(0)−0.5(xA
0 − a(0)), (5)

with the assumption that ϕ0 is an arbitrary multivariate normal
distributionN (a(0),Σ(0)), and a quadratic cost function c(x, y)
as

c(x, y) = c(xA
0 ,x

A
T ) =

∥∥xA
0 − xA

T

∥∥2. (6)

By solving the Fokker-Planck equation [37] with the low-rank
tensor approximations, khrulkov et al. [36] prove that the origi-
nal data distribution can be generalized to arbitrary distributions
with extremely low error.

With the optimal transport properties, it is demonstrated that
the same DDPM encoding latent can be transferred into differ-
ent domains under the conditions with different given labels. In
DiffFashion, the same latent is shared for both appearance image
xA
0 and fashion clothes x̂0. The fashion clothing image has much

semantic similarity to the reference appearance image xA
0 . As

result, we cover the domain gaps between reference appearance
xA
0 and the fashion clothes x̂0. Specifically, in each time step t

of the denoising process, we use the latent xA
t of the reference

appearance image to keep more appearance information to the
output fashion. The latent of the reference image is gradually
adapted to the clothing domain with T time steps, as shown
in Fig. 2. Simultaneously, mixed guidance is conducted in the
denoising process, which is demonstrated in the next subsection.

C. Mixed Guidance for Denoising

To further adapt the structure and appearance semantics to
the output fashion image, we employ mixed guidance in the
denoising process, including the pre-trained Vision Transformer
(ViT) guidance and a foreground mask guidance. The details are
illustrated as follows.

1) ViT Guidance: As mentioned in [19], [20], the structure
features and appearance features can be separated from DINO-
ViT [21]. We use both appearance and structure guidance in the
denoising process to keep the output image realistic and faithful.

Following [19], [20], we employ the global token([CLS] to-
ken) in the last layer of ViT to guide the semantic appearance
to be similar between the reference image xA

0 and the generated
image x̂A

t at t-th step,

Lapp(x
A
0 , x̂

A
t ) =

||eL[CLS](x
A
0 M)− eL[CLS](x̂

A
t M)||2 + λMSE||xA

0 − x̂A
t ||2,

(7)
where eL[CLS] is the last layer [CLS] token, and λMSE is the coef-
ficient of global statistic loss between images. To better leverage
the appearance between the object and the appearance image, we
use the object semantic maskM to remove the background pixel
of x̂A

t in (7), and only compute the appearance loss of the object
within the mask. The generation of the mask is demonstrated in
Section IV-C2 later.

In addition, we adopt a patch-wise method in the structural
loss design to better leverage the local features. We adopt the i-th
key vector in the l-th attention layer of the ViT model, denoted
as kl

i, to preserve the structural information of the i-th patch of
the source clothing image xS

0 as follows,

Lstruct(x
S
0 , x̂

A
t ) =

−
∑
i

log

(
sim(kl,S

i ,kl,A
i )

sim(kl,S
i ,kl,A

i ) +
∑

j �=i sim(kl,S
i ,kl,A

j )

)
, (8)

where sim(·, ·) is the exponential value of normalized cosine
similarity, i.e.,

sim(kl,S
i ,kl,A

j ) = exp
(
cos
(
kl
i(x

S
0 ),k

l
j(x̂

A
t )
)
/τ
)
, (9)

and τ is the temperature parameter. By using the loss in (8),
we minimize the loss between keys at the same position of two
images while maximizing the loss between keys of different
positions. Then our total loss for guidance is as follows:

Ltotal = λstructLstruct + λappLapp, (10)

where λstruct, λapp are the coefficient of structure loss and appear-
ance loss.

2) Mask Guidance: Rather than only using ViT loss as se-
mantic guidance in the denoising steps, we also generate the
foreground mask of the source clothing image as the guidance to
provide structural prior to the output fashion. Existing methods
commonly use additional inputs (i.e. masks, boxes) to obtain the
foreground region. However, this leads to increased annotation
expenses. Instead, we propose a mask generation approach that
can obtain the foreground mask without additional information
or depending on any segmentation models.

Authorized licensed use limited to: Zhejiang University. Downloaded on March 01,2026 at 16:48:53 UTC from IEEE Xplore.  Restrictions apply. 



CAO et al.: DIFFFASHION: REFERENCE-BASED FASHION DESIGN WITH STRUCTURE-AWARE TRANSFER BY DIFFUSION MODELS 3967

In the denoising process of the label-conditional diffusion
model, there can be different noise estimates for the same latent
given negative label conditions like phone and the positive la-
bel bag. For these different noise estimates, the regions of the
foreground objects that are denoised tend to vary little in back-
ground regions but greatly in foreground regions. By taking the
difference in the noise area, we can obtain the mask of the object
to be edited, as shown in Fig. 2(a).

Unlike the editing task that generates the mask with the latent
in the forward process like [38], we generate the mask in the
denoising process. This is based on the observation that xS

t in
the reverse process has less perceptual appearance information
than xS

qt (the image in the forward process with timestamp t).
Although the structure of xS

t may have some slight variations,
it still provides a better representation of the overall structure
information of the foreground object.

Specifically, we input the source clothing image xS
0 into the

diffusion model. After DDPM encoding in the forward process
to achieve xS

T , we obtain the image latent xS
T/2 in the half of the

reverse process. Denote the foreground label as yp, represent-
ing the foreground clothing object. Then the noise map for the
foreground clothing can be obtained by

Mp = εθ(x̂
S
T/2, T/2, yp), (11)

where x̂S
T/2 is the estimated source image predicted from xS

T/2

by the method of Tweedie [39], i.e.,

x̂S
T/2 =

xT/2√
ᾱT/2

−
√
1− ᾱT/2√
ᾱT/2

εθ(x
S
T/2, T/2, yp). (12)

Denote non-foreground labels as yn, representing negative ob-
jects. We use N different non-foreground label conditions to get
an averaged noise map, i.e.,

Mn =
1

N

N∑
i=1

εθ(x̂
S
T/2, T/2, yi), (13)

where i ∈ {1, . . ., N}. Then the difference between the two
noise maps Mp and Mn can be obtained. A threshold is set
for binarization, which returns an editable semantic mask M
for the foreground clothing region.

As shown in Fig. 2(b), the appearance image xA
0 is first used

to be encoded by the forward process of DDPM. Then the mask-
guided denoising process is employed. Specifically, at each step
in the denoising process, we estimate the new prediction xA

t

from the diffusion model as follows,

xA
t =

1√
αt+1

(
xA
t+1 −

1− αt+1√
1− αt+1

εθ(x
A
t+1, t+ 1, yp)

)
.

(14)
Then we combine the transferred foreground appearance xA

t

and the clothing image of corresponding timestamp xS
qt with

the generated mask M as guidance, i.e.,

x̃A
t = M · xA

t + (1−M) · xS
qt, (15)

Algorithm 1: Fashion Generation

1: Input structure image xS
0 and appearance image xA

0 ,
After the inference, the diffusion model generate the
result image.

2: Forward process, add noise to structure image
3: t ∼ Uniform({1, . . . , T})
4: σ ∼ N (0, I)
5: xS

T ←
√
αTx

S
0 +

√
(1− αT )ε

6: Denoising process of structure image
7: for t = 1, . . . , T
8: xS

t−1 ← 1√
αt
(xS

t − 1−αt√
1−αt

εθ(x
S
t , yp, t))

9: end for
10: Get mask from noise estimation
11: x̂S

T/2 ← predicted from xS
T/2 with (12)

12: M ←
εθ(x̂

S
T/2, T/2, yp)− 1

N

∑N
i=1 εθ(x̂

S
T/2, T/2, yi)

13: Generation with guidance in denoising process
14: for t = T, . . . , 1 do
15: xA

t−1 ← 1√
αt
(xS

t − 1−αt√
1−αt

εθ(x
S
t , yp, t))

16: L←ViT Loss Guidance with (7), (8), (9), (10)
17: xA

t−1 ← xA
t−1 +∇xL

18: Perform ViT guidance
19: if t < kT then
20: xS

qt ←
√
αtx

S
0 +

√
(1− αt)ε

21: xA
t−1 ←M · xA

t−1 + (1−M) · xS
qt

22: Perform Mask guidance
23: end if
24: end for

where ωmix is the mix ratio of the appearance image and the
clothing image. This change ensures that the appearance infor-
mation in the mask is transferred, while other structural informa-
tion keeps consistent with the clothing image. After T denoising
steps, we obtain the final output fashion image x̂0 = x̃A

0 . The
whole inference procedure is shown as Algorithm 1.

V. EXPERIMENTS

In this section, we describe our fashion design dataset and
experiment settings. We also demonstrate the qualitative and
quantitative results to show the effectiveness of our proposed
method.

A. Dataset

1) OceanBag: To our best knowledge, there is no specific
reference-based fashion design dataset currently. Thus, we col-
lect a new dataset, namely OceanBag, with real handbag images
and ocean animal images as reference appearances for generat-
ing new fashion designs. OceanBag has 6,000 images of hand-
bags in various scenes and 2,400 images of various marine lives
in the real world. The 2,400 marine scene images contain more
than 80 kinds of marine organisms, including fish, starfish, crabs,
algae, and other sea creatures, as shown in Fig. 4. We randomly
select 40 pairs of images to conduct the experiment.
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Fig. 4. Samples from our proposed dataset of OceanBag. The left part shows some examples of marine life images, and the right part shows some samples of
handbag images.

2) Other Clothing Datasets: To validate our method on a
wider variety of clothing, we also conduct experiments using
images from other clothing datasets [40], [41] as our source
structure images.

B. Experimental Setup

We conduct all experiments using a label-conditional diffu-
sion model [44] pre-trained on the ImageNet dataset [45] with
256× 256 resolution. In all experiments, we use a diffusion step
of T = 120 and re-sampling repetitions of N = 10. In a single
RTX 3090 unit, it takes 20 seconds to generate each mask and
60 seconds to generate each image. For fairness of comparison,
other parameters in the diffusion model are kept the same as [19].

In the mask generation part, we set the binarization threshold
to −0.2. Due to the stochastic nature of the diffusion model,
we generate masks using three different sets of negative labels,
including “cellphone, forklift, pillow”, “waffle iron, washer,
Guinea pig” and “brambling, echidna, custard apple”. Then we
choose the best one among them for guidance. To ensure a fair
comparison, we run the baseline DiffuseIT [19] three times as
ours.

In the guidance part, to mitigate the uncontrollable effect of
the mask and avoid information loss when the structural gap
between the two objects is too large, we use mask guidance in
the first 30% steps of the denoising stage. In the ViT guidance
part, we set the coefficient of the appearance loss λapp to 0.1
and the structure loss λstruct to 1. We keep other parameters and
further use color matcher, which is a sinple color transformation
method, following [19].

C. Evaluation Methods and Metrics

There is currently no existing automatic metric suitable for
evaluating fashion design across two natural images. To keep
the fashion image realistic, the migration degree of the appear-
ance and the similarity of the structure sometimes are mutu-
ally contradictory when measured. To compare among differ-
ent methods, we follow existing appearance transfer/fashion
design works [19], [20], [46], [47], [48], [49], which rely on
human perceptual evaluation to validate the results. Inspired
by Tumanyan et al. [20], we also use other pre-trained mod-
els to measure the structural similarity of the results. Here,

we use Mask-RCNN [50] trained on COCO [51] to detect the
generated results and calculate the recall rate and precision of
Mask-RCNN. We also utilize perceptual image patch similarity
(LPIPS) [52], which is commonly used to measure the similarity
between the generated images and the input structure and appear-
ance images. To measure the authenticity of the generated im-
ages, we use the Frechet inception distance score (FID) [53] met-
ric to assess the realism and diversity of the generated dataset.

D. Experimental Results

We perform both quantitative and qualitative evaluations on
the OceanBag dataset and other fashion datasets [40], [41]. We
compare our model with state-of-the-art (SOTA) methods, in-
cluding Splice [20], DiffuseIT [19], WCT2 [42] and SANet [43].
Figs. 5 and 6 show qualitative results on OceanBag and other
fashions for all methods. In all examples, it can be seen that in
terms of fashion design, our method has achieved better perfor-
mances in terms of realism and structure, while completing ap-
pearance transfer. As for the DINO-ViT-based image-to-image
translation methods, DiffuseIT successfully keeps the structure
for most images, but it shows less appearance similarity to the
reference image. Though Splice transfers the appearance well,
the generated results are far away from realistic fashion im-
ages. Parametric NST methods like WCT2 effectively retain
the structure of the source image, but WCT2 outputs exhibit
limited changes apart from color adjustments. Non-parametric
NST methods like SANet successfully transfer the appearance.
However, the results often suffer from color bleeding artifacts
and thus show poor authenticity.

We also conduct a user study to evaluate the samples and
obtain subjective evaluations from participants. Specifically, we
ask 30 users to score all the output fashion images from all
methods for each input pair. Detailed questions we have asked
are as follows: 1) Is the picture realistic? 2) Does the structure
of the image resemble that of the input image? 3) Is the output
appearance similar to the input appearance image? The scores
range from 0 to 100. The overall score is the average of the three
scores. We show the averaged subjective evaluation results in
Tables II and IV. Our model obtains the best score in the overall
performance and appearance correlation, and the second place
in structure similarity and realism. WCT2 shows the best in
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Fig. 5. Comparison with state-of-the-art (SOTA) methods on OceanBag dataset.
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Fig. 6. Comparison with other state-of-the-art (SOTA) methods on other fashions, including clothes, hats, shoes, t-shirts, pants, and dresses.
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Fig. 7. Illustration of mask generation by label condition.

TABLE II
RESULTS OF THE USER STUDY ON DATASET OCEANBAG

TABLE III
EVALUATION RESULTS BASED ON OCEANBAG

TABLE IV
EVALUATION RESULTS BASED ON OTHER FASHION DATASETS

realism and structure similarity scores, but it shows the worst
score in appearance correlation because the outputs are almost
unchanged from the inputs except for the overall color. Both the
qualitative and subjective evaluations show the effectiveness of
our proposed method.

Following [20], we also adopt other pre-trained models to
evaluate the result. We use the learned LPIPS score between

TABLE V
EVALUATION ABOUT METHOD WITH OR WITHOUT MASK ON OCEANBAG

input and output to verify the content preservation perfor-
mance and the appearance similarity. We also apply the Mask-
RCNN model pre-trained on the COCO dataset to detect the
mask of the object of each method. The results are shown in
Table III. At the same time, since Mask-RCNN is trained on
out-of-distribution (OOD) data, the overall recall rate is quite
low. Our model demonstrates the second-best structure preser-
vation performance. Though WCT2 achieves the best in the
structure-aware evaluation, it only transforms the color for the
whole image. Besides the structure preservation, our method
achieves better appearance similarity than other methods. Some
NST methods like SANet have a good appearance similarity, but
they tend to transfer the whole image with color transformation
and lose the authenticity, as shown in Figs. 5 and 6.

E. Ablation Study

In order to verify the effectiveness of the method, we study the
individual components of our method through several ablation
studies.

1) Mask Generation: We show some examples of mask gen-
eration with label conditions in Fig. 7. Due to the randomness
of the diffusion, the generated masks are not perfect. However,
these masks can still preserve some of the overall structure prior
of the foreground bags. In Fig. 8, we compare the results using
generated messy masks, the results with no mask guidance, and
the results of DiffuseIT. According to the figure, we can see that
using messy masks still makes some improvement in most cases.

2) Mixed Guidance: We conduct experiments to validate the
effectiveness of individual guidance in the denoising process.
The results are shown in Fig. 9 and Table V. From the results,
it can be observed that using mask guidance leads to a signifi-
cant increase in structure similarity while only causing a slight
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Fig. 8. Left three columns show hard examples with input images and generated messy masks. The right three columns show the fashion output with masks (w/.
masks), without masks (w/o. masks), and DiffuseIT, respectively.

Fig. 9. Left three columns show examples with input images and generated masks. The right four columns show the fashion output with our full model, model
without mask, model without ViT appearance guidance, and ViT without structure guidance, respectively.

decrease in appearance similarity. With ViT guidance, the CLS
token in the last layer and the key vectors in the attention layers
decouple the structure and appearance information very well.
Moreover, as assumed in earlier sections, our image generation
process mainly relies on the transfer of structural information.
This is manifested as using ViT structure guidance leads to a
significant increase in structure similarity, while only causing a
slight decrease in appearance similarity. In addition, appearance

guidance provides a little improvement in the metrics and in-
creases the richness of local image appearance in some images.

3) Sensitivity Analysis: We conduct sensitivity analysis on
some of the hyper-parameters including ViT structure guidance,
mask threshold, and mask guidance ratio. We randomly sample
four appearance images and five structure images to construct
twenty pairs for evaluation. As shown in Fig. 11, our results in-
dicate that within a certain range, variations in hyper-parameters

Authorized licensed use limited to: Zhejiang University. Downloaded on March 01,2026 at 16:48:53 UTC from IEEE Xplore.  Restrictions apply. 



CAO et al.: DIFFFASHION: REFERENCE-BASED FASHION DESIGN WITH STRUCTURE-AWARE TRANSFER BY DIFFUSION MODELS 3973

Fig. 10. Examples of failure cases where no mask guidance achieves better results.

Fig. 11. Sensitivity analysis on some of the hyper-parameters. The left vertical axis represents LPIPS, while the right vertical axis represents FID.

do not cause abrupt changes or breakdowns in the results, show-
ing that our algorithm exhibits excellent robustness.

VI. FAILURE CASES AND LIMITATIONS

For a small number of cases where the source and reference
images have simple or similar positional structures, ViT can be
used to achieve structural transfer. In such cases, using a mask
can lead to a loss of visual similarity, as shown in Fig. 10. Though
our method can generate good fashion output, the method with-
out mask guidance achieves slightly better performance. Also,
due to the randomness of the diffusion, the generated masks may
need further selection.

VII. CONCLUSION AND FUTURE WORK

In this article, we tackle a new fashion design setting: de-
signing new clothing fashion from a given clothing image and
a natural appearance image, while keeping the structure of the
clothing with a similar appearance to the natural image. We pro-
pose a novel diffusion-based image-to-image translation frame-
work by swapping the input latent with structure transfer. And
the model is guided by an automatically generated foreground
mask and both structure and appearance information from the
pre-trained DINO-ViT model. The experimental results have
shown that our proposed method outperforms most baselines,
demonstrating that our method can better balance authenticity
and structure preservation while also achieving appearance mi-
gration. In the future, we will try to constrain the diffusion model
using the information condition of other modalities to generate
better masks.

REFERENCES

[1] A. Ganesan et al., “Fashioning with networks: Neural style transfer to
design clothes,” 2017, arXiv:1707.09899.

[2] H. Yan, H. Zhang, J. Shi, J. Ma, and X. Xu, “Toward intelligent fashion
design: A texture and shape disentangled generative adversarial network,”
ACM Trans. Multimedia Comput., Commun. Appl., vol. 19, no. 3, 2023,
Art. no. 107.

[3] O. Sbai, M. Elhoseiny, A. Bordes, Y. LeCun, and C. Couprie, “Design:
Design inspiration from generative networks,” in Proc. Eur. Conf. Comput.
Vis. Workshops, 2018, pp. 37–44.

[4] B.-K. Kim, G. Kim, and S.-Y. Lee, “Style-controlled synthesis of cloth-
ing segments for fashion image manipulation,” IEEE Trans. Multimedia,
vol. 22, no. 2, pp. 298–310, Feb. 2020.

[5] H. Yan et al., “Toward intelligent design: An AI-based fashion de-
signer using generative adversarial networks aided by sketch and ren-
dering generators,” IEEE Trans. Multimedia, vol. 25, pp. 2323–2338,
2023.

[6] D. Zhou, H. Zhang, Q. Li, J. Ma, and X. Xu, “CoutfitGAN: Learning to
synthesize compatible outfits supervised by silhouette masks and fash-
ion styles,” IEEE Trans. Multimedia, 2022, early access, Jun. 23, 2023,
doi: 10.1109/TMM.2022.3185894.

[7] C. Yuan and M. Moghaddam, “Garment design with generative adversarial
networks,” 2020, arXiv:2007.10947.

[8] Y. R. Cui, Q. Liu, C. Y. Gao, and Z. Su, “FashionGAN: Display your
fashion design using conditional generative adversarial nets,” Comput.
Graph. Forum, vol. 37, pp. 109–119, 2018.

[9] L. A. Gatys, A. S. Ecker, and M. Bethge, “Image style transfer using
convolutional neural networks,” in Proc. IEEE Conf. Comput. Vis. Pattern
Recognit., 2016, pp. 2414–2423.

[10] X. Huang and S. Belongie, “Arbitrary style transfer in real-time with adap-
tive instance normalization,” in Proc. IEEE Int. Conf. Comput. Vis., 2017,
pp. 1501–1510.

[11] C. Li and M. Wand, “Combining Markov random fields and convolutional
neural networks for image synthesis,” in Proc. IEEE Conf. Comput. Vis.
Pattern Recognit., 2016, pp. 2479–2486.

[12] C. Li and M. Wand, “Precomputed real-time texture synthesis with Marko-
vian generative adversarial networks,” in Proc. 14th Eur. Conf. Comput.
Vis., 2016, pp. 702–716.

[13] J. Ho, A. Jain, and P Abbeel, “Denoising diffusion probabilistic models,”
in Proc. Int. Conf. Adv. Neural Inf. Process. Syst., 2020, pp. 6840–6851.

Authorized licensed use limited to: Zhejiang University. Downloaded on March 01,2026 at 16:48:53 UTC from IEEE Xplore.  Restrictions apply. 

https://dx.doi.org/10.1109/TMM.2022.3185894


3974 IEEE TRANSACTIONS ON MULTIMEDIA, VOL. 26, 2024

[14] J. Song, C. Meng, and S. Ermon, “Denoising diffusion implicit models,”
in Proc. Int. Conf. Learn. Representations, 2020.

[15] Y. Song et al., “Score-based generative modeling through stochastic dif-
ferential equations,” in Proc. Int. Conf. Learn. Representations, 2020.

[16] A. Ramesh, P. Dhariwal, A. Nichol, C. Chu, and M. Chen, “Hi-
erarchical text-conditional image generation with clip latents,” 2022,
arXiv:2204.06125.

[17] C. Saharia et al., “Photorealistic text-to-image diffusion models with deep
language understanding,” in Proc. Adv. Neural Inf. Process. Syst., vol. 35,
2022, pp. 36479–36494.

[18] R. Gal et al., “An image is worth one word: Personalizing text-to-image
generation using textual inversion,” in Proc. 11th Int. Conf. Learn. Repre-
sentations, 2022.

[19] G. Kwon and J. C. Ye, “Diffusion-based image translation using disentan-
gled style and content representation,” in Proc. Int. Conf. Learn. Repre-
sentations, 2023.

[20] N. Tumanyan, O. Bar-Tal, S. Bagon, and T. Dekel, “Splicing ViT features
for semantic appearance transfer,” in Proc. IEEE/CVF Conf. Comput. Vis.
Pattern Recognit., 2022, pp. 10748–10757.

[21] S. Amir, Y. Gandelsman, S. Bagon, and T. Dekel, “Deep ViT features as
dense visual descriptors,” 2021, arXiv:2112.05814.

[22] C. Saharia et al., “Palette: Image-to-image diffusion models,” in Proc.
ACM SIGGRAPH Conf., 2022, pp. 1–10.

[23] G. Antipov, M. Baccouche, and J.-L. Dugelay, “Face aging with condi-
tional generative adversarial networks,” in Proc. IEEE Int. Conf. Image
Process., 2017, pp. 2089–2093.

[24] S. Jiang, J. Li, and Y. Fu, “Deep learning for fashion style generation,”
IEEE Trans. Neural Netw. Learn. Syst., vol. 33, no. 9, pp. 4538–4550,
Sep. 2022.

[25] H. Yan, H. Zhang, J. Shi, J. Ma, and X. Xu, “Toward intelligent fashion
design: A texture and shape disentangled generative adversarial network,”
ACM Trans. Multimedia Comput., Commun. Appl., vol. 19, no. 3, pp. 1–23,
2023.

[26] P. Isola, J.-Y. Zhu, T. Zhou, and A. A. Efros, “Image-to-image translation
with conditional adversarial networks,” in Proc. IEEE Conf. Comput. Vis.
Pattern Recognit., 2017, pp. 1125–1134.

[27] J.-Y. Zhu et al., “Toward multimodal image-to-image translation,” in Proc.
Int. Conf. Adv. Neural Inf. Process. Syst., 2017, pp. 465–476.

[28] H. Dong, P. Neekhara, C. Wu, and Y. Guo, “Unsupervised image-
to-image translation with generative adversarial networks,” 2017,
arXiv:1701.02676.

[29] X. Huang, M.-Y. Liu, S. Belongie, and J. Kautz, “Multimodal unsuper-
vised image-to-image translation,” in Proc. Eur. Conf. Comput. Vis., 2018,
pp. 172–189.

[30] K. Saito, K. Saenko, and M.-Y. Liu, “COCO-FUNIT: Few-shot unsuper-
vised image translation with a content conditioned style encoder,” in Proc.
16th Eur. Conf. Comput. Vis., 2020, pp. 382–398.

[31] J.-Y. Zhu, T. Park, P. Isola, and A. A. Efros, “Unpaired image-to-image
translation using cycle-consistent adversarial networks,” in Proc. IEEE
Int. Conf. Comput. Vis., 2017, pp. 2223–2232.

[32] H.-Y. Lee, H.-Y. Tseng, J.-B. Huang, M. Singh, and M.-H. Yang, “Diverse
image-to-image translation via disentangled representations,” in Proc. Eur.
Conf. Comput. Vis., 2018, pp. 35–51.

[33] S. Yang, L. Jiang, Z. Liu, and C. C. Loy, “Unsupervised image-to-image
translation with generative prior,” in Proc. IEEE/CVF Conf. Comput. Vis.
Pattern Recognit., 2022, pp. 18332–18341.

[34] P. Dhariwal and A. Nichol, “Diffusion models beat GANs on image
synthesis,” in Proc. Int. Conf. Adv. Neural Inf. Process. Syst., 2021,
pp. 8780–8794.

[35] G. Kim, T. Kwon, and J. C. Ye, “DiffusionCLIP: Text-guided diffusion
models for robust image manipulation,” in Proc. IEEE/CVF Conf. Comput.
Vis. Pattern Recognit., 2022, pp. 2426–2435.

[36] V. Khrulkov and I. Oseledets, “Understanding DDPM latent codes through
optimal transport,” in Proc. Int. Conf. Learn. Representations, 2023.

[37] H. Risken and H. Risken, Fokker-Planck Equation. Berlin, Germany:
Springer, 1996.

[38] G. Couairon, J. Verbeek, H. Schwenk, and M. Cord, “DiffEdit: Diffusion-
based semantic image editing with mask guidance,” in Proc. Int. Conf.
Learn. Representations, 2023.

[39] K. Kim and J. C. Ye, “Noise2score: Tweedie’s approach to self-supervised
image denoising without clean images,” in Proc. Int. Conf. Adv. Neural
Inf. Process. Syst., 2021, pp. 864–874.

[40] P. Aggarwal, “Fashion product images (small), data retrieved from Kag-
gle,” 2018. [Online]. Available: https://www.kaggle.com/paramaggarwal/
fashion-product-images-small

[41] A. Grigorev, “Clothing dataset (full, high resolution), data retrieved from
Kaggle,” 2020. [Online]. Available: https://www.kaggle.com/datasets/
agrigorev/clothing-dataset-full

[42] J. Yoo, Y. Uh, S. Chun, B. Kang, and J.-W. Ha, “Photorealistic style transfer
via wavelet transforms,” in Proc. IEEE/CVF Int. Conf. Comput. Vis., 2019,
pp. 9036–9045.

[43] D. Y. Park and K. H. Lee, “Arbitrary style transfer with style-attentional
networks,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit., 2019,
pp. 5880–5888.

[44] A. Q. Nichol and P. Dhariwal, “Improved denoising diffusion probabilistic
models,” in Proc. Int. Conf. Mach. Learn., 2021, pp. 8162–8171.

[45] J. Deng et al., “ImageNet: A large-scale hierarchical image database,” in
Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2009, pp. 248–255.

[46] Y. Jing et al., “Neural style transfer: A review,” IEEE Trans. Vis. Comput.
Graph., vol. 26, no. 11, pp. 3365–3385, Nov. 2020.

[47] S. S. Kim, N. Kolkin, J. Salavon, and G. Shakhnarovich, “Deformable
style transfer,” in Proc. 16th Eur. Conf. Comput. Vis., 2020, pp. 246–261.

[48] R. Mechrez, I. Talmi, and L. Zelnik-Manor, “The contextual loss for image
transformation with non-aligned data,” in Proc. Eur. Conf. Comput. Vis.,
2018, pp. 768–783.

[49] T. Park et al., “Swapping autoencoder for deep image manipulation,” in
Proc. Int. Conf. Adv. Neural Inf. Process. Syst., 2020, pp. 7198–7211.

[50] K. He, G. Gkioxari, P. Dollár, and R. Girshick, “Mask R-CNN,” in Proc.
IEEE Int. Conf. Comput. Vis., 2017, pp. 2961–2969.

[51] T.-Y. Lin et al., “Microsoft COCO: Common objects in context,” in Proc.
13th Eur. Conf. Comput. Vis., 2014, pp. 740–755.

[52] R. Zhang, P. Isola, A. A. Efros, E. Shechtman, and O. Wang, “The un-
reasonable effectiveness of deep features as a perceptual metric,” in Proc.
IEEE Conf. Comput. Vis. Pattern Recognit., 2018, pp. 586–595.

[53] M. Heusel, H. Ramsauer, T. Unterthiner, B. Nessler, and S. Hochre-
iter, “GANs trained by a two time-scale update rule converge to a lo-
cal nash equilibrium,” in Proc. Adv. Neural Inf. Process. Syst., vol. 25,
2017.

Shidong Cao received the B.E. degree from the Bei-
jing University of Posts and Telecommunications,
Beijing, China. He is currently working toward the
M.S. degree with Zhejiang University - University of
Illinois Urbana-Champaign Institute, Zhejiang Uni-
versity, Hangzhou, China. His research interests in-
clude machine learning and computer vision.

Wenhao Chai received the B.E. degree from Zhe-
jiang University, Hangzhou, China. He is currently
working toward the master’s degree with the Uni-
versity of Washington, Seattle, WA, USA. His re-
search interests include generative models and multi-
modality learning.

Shengyu Hao (Graduate Student Member, IEEE) re-
ceived the M.S. degree from the Beijing University of
Posts and Telecommunications, Beijing, China. He
is currently working toward the Ph.D. degree with
Zhejiang University - University of Illinois Urbana-
Champaign Institute, Zhejiang University, Hangzhou,
China. His research interests include machine learn-
ing and computer vision.

Authorized licensed use limited to: Zhejiang University. Downloaded on March 01,2026 at 16:48:53 UTC from IEEE Xplore.  Restrictions apply. 

https://www.kaggle.com/paramaggarwal/fashion-product-images-small
https://www.kaggle.com/paramaggarwal/fashion-product-images-small
https://www.kaggle.com/datasets/agrigorev/clothing-dataset-full
https://www.kaggle.com/datasets/agrigorev/clothing-dataset-full


CAO et al.: DIFFFASHION: REFERENCE-BASED FASHION DESIGN WITH STRUCTURE-AWARE TRANSFER BY DIFFUSION MODELS 3975

Yanting Zhang received the B.E. and Ph.D. degrees
from the School of Information and Communica-
tion Engineering, Beijing University of Posts and
Telecommunications, Beijing, China, in 2015 and
2020, respectively. From 2018 to 2019, she was a vis-
iting Scholar with the University of Washington, Seat-
tle, WA, USA. She is currently an Assistant Profes-
sor with the School of Computer Science Technology,
Donghua University, Shanghai, China. Her research
interests include computer vision and video/image
processing.

Hangyue Chen received the master’s degree in in-
dustrial design engineering from Zhejiang Univer-
sity, Hangzhou, China, in 2010. He is currently a
Lecturer with the Department of Digital Media Art,
Hangzhou Dianzi University, Hangzhou, China. His
research interests include product digital design and
human-computer interaction design.

Gaoang Wang (Member, IEEE) received the B.S.
degree from Fudan University, Shanghai, China,
in 2013, the M.S. degree from the University of
Wisconsin-Madison, Madison, WI, USA, in 2015,
and the Ph.D. degree from the Information Process-
ing Laboratory, Electrical and Computer Engineer-
ing Department, University of Washington, Seattle,
WA, USA, in 2019. In 2020, he joined the Inter-
national Campus of Zhejiang University, Hangzhou,
China, as an Assistant Professor. He is also an Ad-
junct Assistant Professor with the University of Illi-

nois Urbana-Champaign Champaign, Champaign, IL, USA. In 2019, he joined
Megvii US Office as a Research Scientist working on multi-frame fusion.
In 2019, he then joined Wyze Labs working on deep neural network design
for edge-cloud collaboration. He has authored or coauthored papers in many
renowned journals and conferences, including IEEE TRANSACTIONS ON IMAGE

PROCESSING, IEEE TRANSACTIONS ON MULTIMEDIA, IEEE TRANSACTIONS ON

CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, IEEE TRANSACTIONS ON

VEHICULAR TECHNOLOGY, Conference on Computer Vision and Pattern Recog-
nition, International Conference on Computer Vision, European Conference on
Computer Vision, ACM Multimedia, and International Joint Conference on Ar-
tificial Intelligence. His research interests include computer vision, machine
learning, artificial intelligence, multi-object tracking, representation learning,
and active learning.

Authorized licensed use limited to: Zhejiang University. Downloaded on March 01,2026 at 16:48:53 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


