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One-for-All: Towards Universal Domain
Translation With a Single StyleGAN
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Abstract—In this paper, we propose a novel translation model,
UniTranslator, for transforming representations between visually
distinct domains under conditions of limited training data and
significant visual differences. The main idea behind our approach
is leveraging the domain-neutral capabilities of CLIP as a bridging
mechanism, while utilizing a separate module to extract abstract,
domain-agnostic semantics from the embeddings of both the source
and target realms. Fusing these abstract semantics with target-
specific semantics results in a transformed embedding within the
CLIP space. To bridge the gap between the disparate worlds of
CLIP and StyleGAN, we introduce a new non-linear mapper,
the CLIP2P mapper. Utilizing CLIP embeddings, this module is
tailored to approximate the latent distribution in the StyleGAN’s
latent space, effectively acting as a connector between these two
spaces. The proposed UniTranslator is versatile and capable of
performing various tasks, including style mixing, stylization, and
translations, even in visually challenging scenarios across differ-
ent visual domains. Notably, UniTranslator generates high-quality
translations that showcase domain relevance, diversity, and im-
proved image quality. UniTranslator surpasses the performance of
existing general-purpose models and performs well against special-
ized models in representative tasks.

Index Terms—Generative adversarial networks, image-to-image
translation, GAN embedding.
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1. INTRODUCTION

ECENT generative models are developed with a growing
R emphasis on universality, aiming to enhance the real-world
applicability in solving complex challenges [1], [2], [3]. Signif-
icant advances have been made in visual domain translation [4],
[5]1,16], [7]1, [8], which harnesses the transformation of images by
exploiting inherent content correlations across disparate realms.
The defining feature of universality for domain translators is
their ability to seamlessly convert images from any real-world
source domain to a chosen target domain. This pursuit of univer-
sality in visual domain translation erodes the barriers segregating
different domains and provides invaluable technological support
for a wide range of applications. These span from artistic cre-
ations such as anthropomorphic or skeuomorphic designs to the
entertainment industry, including customized effect generation
on various platforms.

Despite significant progress, existing translators encounter
several challenges to achieve universality: First, most existing
techniques necessitate identifying the source and target domains
to learn the mappings between them. However, transitioning
between domains frequently entails a laborious model retraining
process, curtailing their flexibility and applicability. Although
recent models such as StarGAN [9] and StarGAN?2 [10] utilize
a single model to master many-to-many mappings across all
the domains involved, the limitations become apparent in their
inability to handle a vast number of domain mappings, thus
falling short of achieving true universality.

Second, the training or retraining of existing models typically
entails a sizable amount of data. While unsupervised image-
to-image translation tasks [11], [12], [13], [14], [15] alleviate
the need for paired images, real-world scenarios can still pose
formidable challenges, particularly for asymmetric domains. For
instance, when leveraging artworks from a specific artist as the
source or target domain, the available data may be scant, making
it arduous to train the models effectively.

Third, few-shot or diffusion-based domain adaptation ap-
proaches [16], [17], [18], [19] have been employed for do-
main translation, building upon inter-domain correlations. These
approaches offer the benefits of requiring minimal data for
fine-tuning. However, they are primarily suitable for translating
between closely related domains like human — sketch. As
the scale of the domain gap increases, their effectiveness in
accomplishing robust transformations wanes (see Fig. 2(c)—(d)).
In real-world translation applications, constraining the input
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Amedeo Modigliani=FFHQ Bradypus=FFH AFHQ-wild=FFHQ LSUN-church = FFHQ
L3
(a) Adjacent domains (b) Far-off domains (c) Intensely far-off domains
Fig. 1. We introduce UniTranslator, an innovative universal framework for translating across diverse visual domains. It can receive input from any real-world

source domain and convert it into a specified target domain, all while ensuring high image quality, domain correspondence, and variability.

domain to be closely aligned with the target domain would
be counterproductive. For example, a platform that generates
Internet memes may need to fulfill users’ requests to visualize
how a cartoon animal might look as a human or to satisfy their
curiosity about what a person with lion-like features would
resemble, as depicted in Fig. 1(b). These scenarios involve trans-
lating between domains that are far-off but still related, as both
belong to the broader category of living beings. In contrast, trans-
forming oil paintings of people into realistic images (Fig. 1(a))
involves adjacent domains within the same super-category
of “human”.

Moreover, creative gaming applications often demand tech-
nology capable of handling even more distant domain transla-
tions. For instance, in construction games, users might wish to
design buildings that resemble their pets, as shown in Fig. 1(c).
This requires translating between living beings and inanimate
objects or artificial structures, representing an intensely far-off
domain gap. In such cases, image translation techniques that can
manage these extreme domain differences are crucial. Therefore,
the primary hurdle to achieving universality is the degree of
heterogeneity between the source and target domains. Modeling
cross-domain correspondences in terms of shape, appearance,
and so on poses challenges, especially when there is a significant
chasm between domains.

GP-UNIT [20] can handle domain translation with a large
gap among existing translators. It uses generative priors dis-
tilled from BigGAN [21] to capture coarse-level content corre-
spondences, enabling conversions across highly heterogeneous
domains. Nevertheless, GP-UNIT inherits the limitations of
BigGAN’s latent space, which is not efficiently decoupled,
leading to the generation of unrealistic objects. Moreover, due
to the intricate division of domains in BigGAN’s latent space,
the mid-level and fine-level correspondences between various
categories of images generated using identical latent codes often
fall short. This restriction can affect multi-level cross-domain
correspondences in the transformed outcomes with respect to the
input (see Fig. 2(b)). As such, it is essential to develop methods
to handle domain translation tasks more efficiently, preserving
more natural correspondences and ultimately pushing the bound-
aries of universality in visual domain translation.

In this paper, we propose the UniTranslator, which allows
translating a single input image to a target image in a picked do-
main. It can generate high-quality, visually continuous, diverse
translation results even in scenarios with significant visual differ-
ences. Our work bears some resemblance to the optimization-
based super-resolution method, PULSE [22], where an input
image serves as a reference to guide the search process in the
latent space, and the optimized latent code can then be fed into
StyleGAN to generate the proper image. The transformation
from input to output in PULSE can be regarded as one type of
domain translation, while the generative capability of StyleGAN
ensures the quality of the translated result. However, PULSE
does not perform well in cross-domain translation due to its
lack of efficient mechanisms for handling the inherent correla-
tions between heterogeneous domains. As a consequence, the
generated results often exhibit a blending of patterns from both
domains (see Fig. 2(e)).

To tackle this issue, we propose a decoupling module in
UniTranslator. By integrating descriptive prompts linked to the
source image and the intended target domain, this module lever-
ages the language-image alignment proficiency of Contrastive-
Language-Image-Pretraining (CLIP) [23] to obtain abstract
domain-agnostic semantics. These semantics are then amalga-
mated with target-specific semantics, refining a target domain
embedding that retains cross-domain correlations. However, due
to the disparity between the CLIP space and the StyleGAN
space, the CLIP embedding may lie beyond the latent domain of
StyleGAN, potentially leading to suboptimal conversion results.
To overcome this, we devise a mapper that bridges the latent dis-
tributions in CLIP and StyleGAN’s latent spaces, guided by their
statistical properties. This approach effectively translates the
meticulously acquired CLIP embedding for the target domain
into an appropriate latent code for StyleGAN, thus yielding the
desired target image. Comprehensive experimentation illustrates
UniTranslator’s consistent ability to generate highly plausible
translation outcomes across diverse visual domains, irrespec-
tive of the extent of the domain gap. Moreover, our method
exhibits exceptional performance in various real-world applica-
tions, including style mixing, stylization, and robust handling of
translations even under degraded conditions.
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The first row to the last row illustrate visual domain transformations from Metfaces to FFHQ (adjacent domains), AFHQ-dog to FFHQ (far-off domains),

and AFHQ-cat to LSUN-church (intensively far-off domains). While GP-UNIT (b) can convert source domain images (a), it suffers from inadequate cross-domain
correspondences and compromised image quality. Few-shot (c) or diffusion-based (d) domain adaptation methods display sensitivity to the magnitude of the
domain gap. Even in the case of adjacent domains, these methods only result in minor changes to the input image towards the target domain. PULSE (e), lacking
decoupling strategies, leaves remnants of source domain patterns when confronted with significant domain gaps. In contrast, UniTranslator (f) consistently achieves
high-quality image transformations while upholding domain correspondence despite substantial visual disparities between the domains.

The contributions of this work are:

e We introduce UniTranslator for universal visual domain
translation. By harnessing the domain-neutral capabilities
of CLIP as a bridging conduit, UniTranslator empowers
seamless conversions from any real-world source domain
to a specified target domain, all accomplished with a single
source image.

e We propose a decoupling module to efficiently extract
cross-domain correspondences and integrate them with
target-specific semantics to optimize the expected CLIP
embedding.

e We design a specialized CLIP2P mapper that connects the
CLIP and StyleGAN’s spaces. This connection allows us to
leverage the powerful generative capability of StyleGAN,
leading to high-quality results.

¢ Extensive experiments demonstrate that UniTranslator per-
forms favorably against state-of-the-art models regarding
image quality, visual correspondences, and diversity. Fur-
thermore, our method performs effectively in various real-
world applications, including style mixing, stylization, and
translations, even in challenging scenarios.

II. RELATED WORK

Unsupervised Image-to-Image translation. Numerous unsu-
pervised image-to-image translation methods [4], [6], [9], [10],
[11], [12], [14], [15], [24], [25] have been developed to transfer

images from the source to target domains. Zhu et al. [24] propose
the cycle consistency constraints to learn the mapping between
the source and target domains without paired data. In [15],
Baek et al.introduce a guiding network for fully unsupervised
scenarios. Choi et al. [9], [10] develop StarGAN, a model
integrating multiple mappings, yet it requires data from multiple
domains and cannot handle unseen inputs. On the other hand,
Liu et al. [14] present FUNIT for few-shot translation to unseen
classes.

Notably, these methods do not adapt well to situations where
the target domain significantly differs from the source domain.
GP-UNIT [20] specifically focuses on constructing pose map-
pings between complex domains with notable visual discrep-
ancies. However, it is less effective in dealing with domains
beyond the scope of ImageNet or intensely far-off domains. In
contrast, our UniTranslator, as a hybrid technique, relies solely
on a single reference image from the source domain during
training, thereby circumventing limitations imposed by train-
ing data. Furthermore, it maintains high-level visual continuity
across visual realms, rendering it highly suitable for translating
between significantly distant domains.

Few shot/text-driven domain adaptation. A plethora of few-
shot/text-driven domain adaptation methods have recently been
proposed [16], [17], [26], [27], [28], [29], [30], [31] to train
a generator using limited examples or text prompts. Ojha et
al. [16] propose fine-tuning a pre-trained source generator using
10 target images to preserve relative similarities and differences
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Overview of UniTranslator. It leverages the decoupling module to extract domain-agnostic semantics and integrates them with target-specific information,

resulting in a refined CLIP embedding with robust cross-domain correlations. This enhanced CLIP embedding will more effectively guide the search for an optimal
z code. Moreover, the CLIP2P mapper is engineered to map the CLIP embedding into P space, reducing the likelihood of it falling outside of StyleGAN’s latent

space. A demo video is included in the supplementary material.

in the source domain while avoiding mode collapse and Xiao et
al. [26] consider spatial structural alignment between domains
to enhance generative quality. In [27], Gal et al.introduce a text-
guided adaptation method that constructs a directional CLIP loss
based on a collinear relationship, and Zhu et al. [28] further im-
prove this relationship by employing a GAN inversion method to
determine the domain-gap direction. Recently, Zhang et al. [17]
develop an attentive style loss and a selective generation strategy
to promote the diverse generation and faithful adaptation in a
one-shot scenario.

Despite the significant progress achieved by these methods,
their effectiveness might be limited when dealing with sub-
stantial inter-domain gaps. In contrast, our approach directly
explores the target manifold, ensuring that outcomes reside
within the target space while maintaining cross-domain corre-
spondences.

GAN Inversion. GAN inversion aims to find a latent code
capable of faithfully reconstructing a given real image using
a pre-trained generator. These methods can be categorized as
encoder-based [32], [33], [34], [35], [36] and optimization-
based [37], [38], [39], [40]. The former directly trains an encoder
to map real images to latent codes. For instance, Richardson et
al. [32] and Xu et al. [33] concentrate on designing the encoder
structure. Tov et al. [41] consider the properties of W and W+
space, enhancing the editability of reconstructed images, and
Alaluf et al. [35] propose an iterative feedback mechanism to
facilitate the learning process. In [36], Bai et al.utilize padding
space to enrich the representation capacity of the latent space,
thereby refining spatial details. However, learning-based meth-
ods typically require a large number of training images and
might not be practical when training samples are limited. In
contrast, optimization-based methods can infer a single image
at a time. Kang et al. [34] jointly optimize the extended f and
w+ latent codes for faithful reconstruction of out-of-range and
unaligned real images, and Abdal et al. [39] propose conditional
exploration using continuous normalizing flows. Recently, Xu et

al. [40] introduce consecutive images to strike a balance between
editability and fidelity.

Motivated by the performance of the optimization-based in-
version methods, we propose a new translation paradigm named
UniTranslator. This approach entails seeking optimal latent
codes guided by our tailored objective.

III. METHOD
A. Overview

The overview of our method is depicted in Fig. 3 and a
demo video in the supplementary material. Given a single source
image, UniTranslator aims to:

® Discover an optimal embedding corresponding to a target

domain image while preserving cross-domain relationships
with the source image.

® Map this embedding into StyleGAN’s latent space.

We begin by navigating the Z space, employing a dual-branch
architecture to achieve both goals through a hybrid learning
approach. One branch is the decoupling module. Specifically,
we utilize the source image as a reference and leverage the
domain-neutral capabilities of the CLIP space, which aligns
images with prompts of neutral classes. This alignment en-
ables us to extract domain-agnostic information, represented
as abstract CLIP embeddings. We achieve this by modeling
the relationships among various combinations of embedding
components. Merging domain-agnostic semantics with target-
specific information guides the optimization process towards a
more suitable embedding.

The other branch enhances the quality and diversity of image
translation by tapping into the impressive generative capability
of StyleGAN. To achieve this goal, we introduce a CLIP2P map-
per as a crucial link between the CLIP space and StyleGAN’s
P space [42] (the deactivated space of W space). Note that
directly converting CLIP embeddings to W space using only
a single input image presents significant challenges. Mapping
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Fig. 4. Illustration of the proposed decoupling module.

accurately to this complex latent distribution requires designing
specific network modules or objectives, which is difficult with
limited input data. Instead, we opt to use the P space as an
intermediary, leveraging its properties to effectively transfer the
desired CLIP embedding into StyleGAN’s native latent space,
resulting in high-quality output generation. Furthermore, we do
not consider W+ space due to its higher degrees of freedom,
which complicates optimization when limited cues are available
from a single image. This increased flexibility could lead to
deviations from the StyleGAN target manifold, undermining the
quality of the generated images.

Our UniTranslator operates through a two-step process during
each training iteration. We optimize the latent code z in the
first step while keeping the network parameters frozen. This
step leverages the valuable information stored in the network
parameters to guide the search for the optimal z code. In the
second step, we fix the discovered z code and update the network
parameters.

B. Decoupling Module

The main goal of the proposed decoupling module is to
use CLIP’s image-text alignment capability to extract domain-
agnostic information. We initially convert the z code into a CLIP
embedding. Following the implicit assumption from Corgi [43]
that each neutral domain conforms to a high-dimensional Gaus-
sian distribution, we begin by generating 5,000 target images
corresponding to the selected target domain. These images are
then processed through CLIP image encoder £y to acquire their
respective embeddings. Subsequently, We calculate statistics for
these embeddings, including the standard deviation oz p and
the mean po 1 rp. Using these statistics, we transform the z code
as an embedding v within the CLIP space:

vV = 0cLIPZ t+ HoLIP- (D

Fig. 4 shows a detailed illustration of the module structure.
Regarding the module inputs, prompt templates are also required
apart from the CLIP embedding v and the provided source
domain image I,,.. These inputs are split and fed into two
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separate streams based on whether they pertain to the source
or target domain. Each stream contains two Multi-Layer Per-
ceptrons (MLPs), with shared parameters across streams.

For the source domain stream (lower part of Fig. 4), an
embedding m:™¢ € R?12*1 of the source image is generated
by the CLIP image encoder. This embedding is passed through
the first MLP (MLP1), generating a 1024-dimensional vector.
To extract domain-agnostic information, we divide this vector
into two 512-dimensional embeddings f;"¢ and f;"¢ to learn
domain-specific and domain-agnostic information. It is impor-
tant to note that these two types of information are expected to
be independent.

A similar process is applied to the target domain stream. The
main difference is that the input to MLP1 is the CLIP embedding
v, which is for inverting the target image. As a result, the target
domain stream also yields two corresponding embeddings f1%"
and f1*". The first loss function £, is:

tar | ftar src fsrc
s a

S a
Co = Jp g igelel
Minimizing £, enforces that the domain-specific embeddings
and their corresponding domain-agnostic embeddings become

orthogonal, guaranteeing their independence.
Furthermore, we align f1%" and f£"¢ with their respective text
embeddings m!*" and m;"¢ produced by CLIP’s text encoder
Er to ensure that they genuinely carry domain-specific infor-

mation. This alignment is accomplished using the following loss

function Ly:
tar tar src sre
L= <1—mt'f5> +(1—mf'fs). A3)
[mier || féer| [mgmel|£5m]
Similar to the approach by Radford et al. [23], we utilize
80 diverse sentence templates, such as ‘a photo of the {}’, ‘a
photo of my {}’, and ‘a good photo of a {}’. The resulting
embeddings from these prompts are averaged separately for the
source and target domains. We have templates with the neutral
class for both domains. With the impact of the above two loss
functions, the remaining embeddings f.*" and f:"¢ inherently
capture domain-agnostic information. Moreover, we employ L,
to constrain their similarity, thereby aiding in the extraction of
cross-domain correspondences:

Lo =" = fa7ll1- )

We now create a combined embedding comprising f!" and
flar | encompassing target-specific and domain-agnostic infor-
mation. This concatenated embedding is then fed through the
second MLP (MLP2) for reconstructing a 512-dimensional vec-
tor v£27 . The last loss term is the reconstruction 10ss L. This

process can be formulated as:

@)

,Utar — MLP2 (f:ar o) fctla'r‘)

Trec

mize = MLP2 (/7 & [37°).

) Tec

Lree = |lv —vieell + [lmi" — mzgdh, ®)

rec Trec

where & denotes concatenation operation. This loss maintains
consistency between the reconstructed vectors and their corre-
sponding image embeddings throughout the network parameters
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learning step. While optimizing the z code, we aim to use
the embedding v%97, which incorporates both target-specific
and domain-agnostic information, to guide the search for an
enhanced z.

Finally, the learning objective of the decoupling module is

formulated as:
ﬁdecoupling = »Co + Es + »Ca + »Creo (6)

Previous latent code optimization techniques [44], [45] aim
to enhance reconstruction fidelity or editability within Style-
GAN’s domain or a slightly regularized version to mitigate
out-of-domain issues. In contrast, our decoupling module uti-
lizes CLIP’s domain-neutral features to maintain essential cross-
domain correspondences. This approach liberates the solution
space from being restricted to a single domain, allowing us
to model relationships between domain-specific and domain-
agnostic features across different domains and modalities. Our
specialized objective thus establishes robust cross-domain cor-
respondences.

C. CLIP2P Mapper

We analyze another branch within the framework where the
CLIP2P mapper is situated. First, we introduce the concept of the
P space, defined by I12S [42] as p = LeakyReLU; ,(w), where
p € Pandw € W represent two latent codes sampled from their
respective spaces. The W space can be regarded as the activated
counterpart of the P space. Assuming a Gaussian distribution for
the P space, such a relationship can be formulated (as adopted
by the official code of PULSE):

w = LeakyReLU , (cpz + up), (N

where op and pp indicate the standard deviation and mean of
the Gaussian distribution. With this assumption, we can use the
statistics of sampled CLIP embeddings to construct a Gaussian
distribution (refer to (1)) and learn the latent distribution in P
space through a linear layer that preserves the distribution type,
yielding the w latent code as:

w = LeakyReLUy » (Linear(v)) . (8)

However, as II2S indicates, the latent distribution in P space
is essentially an unimodal distribution resembling a Gaussian
but not a true Gaussian distribution. To analyze the deviation
from this assumption in transformations across different target
domains, we sample 5000 latent codes from the P space of
each target domain and calculated the Kullback-Leibler (KL)
divergence between the Gaussian distribution established using
the statistics of these codes (referred to as P (pseudo)) and
the true distribution of these codes (refer to as P (true)). As
shown in Table I, there is indeed a disparity between the distri-
butions P (true) and P (pseudo), which varies across different
target domains. Thus, the w code obtained via (8) may lead to
unsuccessful transformations in specific target domains (e.g.,
E621Faces, LSUN-church), as it may fall outside the true latent
space of StyleGAN.

We propose adding a nonlinear function M(+) after the linear
layer to learn the unimodal distribution in P space to remedy
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TABLE I
THE KL DIVERGENCE BETWEEN THE TRUE LATENT DISTRIBUTION IN PP SPACE
AND THE GAUSSIAN DISTRIBUTION CONSTRUCTED USING THE STATISTICS OF
THE LATENT CODES SAMPLED FROM THE P SPACE FOR VARIOUS TARGET

DOMAINS
Target KL Divergence KL Divergence
Domain (P (true) w.r.t P (pseudo)) (P(pseudo) w.r.t P (true))
FFHQ 0.6883 0.7016
Anime 1.0853 1.0964
E621Faces 1.1810 1.2037
LSUN-church 6.3166 6.3641
TABLE 11

THE KL DIVERGENCE BETWEEN THE TRUE LATENT DISTRIBUTIONS IN THE PP
SPACE AND CLIP SPACE FOR VARIOUS TARGET DOMAINS

Target KL Divergence KL Divergence
Domain (P (true) w.r.t CLIP (true)) (CLIP (true) w.r.t P (true))
FFHQ 0.4754 0.4587
Anime 1.0571 1.0351
E621Faces 1.1687 1.1141
LSUN-church 3.6901 4.2885
this. It is defined as:
=) 1 x> p,
M@y =4 " ©)
—e IV 410z < p.

Here, h, j, p are all learnable parameters, and e is Euler’s
number. The reasons for this function are threefold. First, while
we introduce nonlinearity to ensure that the resulting distribution
deviates from a Gaussian shape, it is crucial to maintain the
function monotonicity. This guarantees the Gaussian distribu-
tion generated by the added linear layer remains unimodal
after undergoing such a nonlinear transformation. Second, we
introduce three degrees of freedom through parameters h, j,
and p. Among these, i controls the peak position of the resulting
unimodal distribution. Meanwhile, 4 and j control the curvatures
on either side of the peak, ensuring the asymmetric distribution.
Third, to ensure the continuity of this function, biases of —1 and
+1 are applied at different intervals.

The CLIP2P mapper denoted as CLIP2P(-), comprises a
linear layer and the above nonlinear mapping function. It is ef-
fectively trained using the distribution P (pseudo) as supervision
through the loss term L:

Ly =llopz+pp —qll, (10)
where ¢ = CLIP2P(v) = M|(Linear(v)) indicates the output
after applying the CLIP2P mapper. We note the inclusion of
L, does not alter the output distribution type from the CLIP2P
mapper. Instead, it enhances training stability.

We examine the KL divergence between the true latent distri-
butions in CLIP and P spaces across different target domains.
For each target domain, we sample 5000 latent codes. Table II
shows that the disparity between these two distributions varies
across domains. Consequently, adjusting the hyperparameter
related to £, based on the target domain is necessary although
challenging. We set the hyperparameter A, of £, as a learnable
parameter to address this. This enables us to formulate the final
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loss function £,, for the CLIP2P mapper as:

L, =ReLU(%,)L,. (11)

In practice, we observe that A, sometimes converges to O (e.g.,
when using FFHQ as the target domain). This suggests that
effective learning can occur with less reliance on the supervision
from P (pseudo). However, in other scenarios, such as when
working with target domains like Anime or LSUN-church,
supervision is necessary to constrain parameters learning, and
A, dynamically adjusts to an appropriate non-zero value based
on the target domain.

While techniques such as StyleCLIP’s latent mapper [46] also
perform latent code mapping, they focus on in-domain mappings
within StyleGAN’s latent space, which are not designed for
cross-domain translation tasks that involve significant domain
gaps, such as converting a painting into a photo [27]. Our
CLIP2P mapper, on the other hand, bridges the CLIP and P
spaces by leveraging their unique characteristics. This ensures
that the latent code transformed from the CLIP space accurately
resides within StyleGAN’s target manifold. By doing so, our
approach allows for the search of target embeddings with cross-
domain correspondences in the open-world CLIP space, while
effectively utilizing StyleGAN’s generative priors to achieve
universal domain translation.

D. Learning Objectives

Aside from the above-explained loss terms Lgecoupling and
L,, we use three other loss terms to train the UniTranslator:
Lmsm Elpip& and Ecycle-

In addition to preserving semantic correlations across do-
mains, we maintain visual aspects such as color tone and
perceptual relationships in cross-domain translation tasks. As
observed in DiffuselT [19] and Zhu et al. [28], relying solely on
CLIP-based semantic alignment is insufficient to ensure color
consistency between the input and output images. To address
this, we incorporate a loss term L,,s., similar to its use in
DiffuselT, to ensure that color matching is maintained before and
after translation. This loss enforces a constraint on the euclidean
distance between the source image [, and the targetimage I,
formulated as:

Emse = Hlta'r - Isrc||27 (12)

and

Iar = G (LeakyReLUg 2(q)) , (13)

where G(-) denotes the pretrained StyleGAN generator. It is
important to note that our approach mitigates the risk of image
blurriness by generating images through latent space traversal
rather than the traditional feature space-to-output method. With
StyleGAN'’s robust generative capabilities, as long as the latent
code remains within the StyleGAN target manifold, constrained
by our CLIP2P mapper and £,, loss, it produces sharp and high-
quality images.

The other term, £;y,;,s [47], leverages deep features to guide
the perceptual relationship between I;,,- and I,..:

‘ClpiPS = HF(Itar) - F(Isrc)HQa (14)

2871

where F'(-) represents the perceptual feature extractor.

The last loss term is a cycle loss, denoted as Lcyce. In
UniTranslator, after generating the translated result I;,,., we
proceed to feed it into CLIP’s image encoder, obtaining a
CLIP embedding v¢o, = E7(Iiar). Subsequently, we pass viq,
as input to the CLIP2P mapper and replicate the remaining
process. As such, we have a new output, denoted as I.,ci.. We
then impose the constraint L. to ensure consistency between
the two images, Iy, and I.yce. This secures that the CLIP2P
mapper only transforms the space type (from CLIP to P) without
modifying the image semantics:

Ieycie = G (LeakyReLUg o (CLIP2P(v44,))) ,

l:cycle - ||Itar - IcycleHQ- (15)

Note that although our initial assumption regarding the distribu-
tion in CLIP’s neutral domain as a Gaussian may not strictly
hold, the cycle loss can mitigate the risks arising from this
violation by constraining the latent vector to carry more semantic
information from the CLIP space.

Finally, our total loss function L., is formulated as:

Etotal = )\mseﬁ'mse + ‘Clpips + Edecoupling

+ »Ccycle + ﬁp, (16)

where A,,s. denotes a hyperparamter for balancing loss terms.

IV. EXPERIMENTS
A. Implementation Details

To implement UniTranslator, we use a hybrid learning scheme
and outline the workflow in Algorithm 1. In each iteration,
we start with step 1, optimizing the z code using a spherical
optimizer [22] with a learning rate of 0.4. Then, we move to
step 2, where we focus on learning the network parameters
using the ADAM optimizer [48] with exponential decay rates
of 81 =0 and B3 = 0.99. The learning rate for updating all
parameters is set to 0.002, except A,,, which is assigned a higher
value of 0.1. The hyperparameter A,,,s. in our objective is set to
10. Approximately 35 iterations are conducted for each source
image, taking between 20 and 45 seconds on a PC with an Nvidia
GeForce RTX 3090.

B. Evaluated Methods

We compare UniTranslator with numerous state-of-the-
art methods based on learning (e.g., VQ-I2I [5], Star-
GAN?2 [10], and GP-UNIT [20]), one-shot domain adaptation
(e.g., DiFa [17]), inference (e.g., PULSE [22]), and diffusion
models (e.g., DiffusionCLIP [18] and DiffuselT [19]).

It is worth noting that learning-based methods require a
substantial amount of training data from both source and target
domains. The domain adaptation method, e.g., DiFa, requires
a target image to fine-tune its pre-trained source generator.
Diffusion-based methods utilize two text prompts: one for the
source domain and another for the target domain. These prompts
are used to fine-tune the pre-trained diffusion model or govern
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Algorithm 1: UniTranslator.

Data: Initial latent code z(q), hyperparameter AP, and
learnable network parameters 6 o); Statistics
ocrip, piorip, op and pp; Source Image Isrc;
Prompt templates; Hyperparameters {\;};
Iteration number N; Pretrained StyleGAN and
CLIP models

Result: Optimal latent code z(y) and Target Image I;qr

1 fori < 1to N do

2 while Step 1: z latent code optimization do

3 Update the latent code z(;) with z(;_1), 6¢i—1),
and A\ ™" by Eq. (16);

4 end
5 while Step 2: Network parameters learning do

Update the learnable parameters 6 ;) and A
with 2(4) by Eq (16);

6

7 end
s end
9 Obtain I;4 with z(ny by Eq. (13);

the sampling process. On the other hand, inference-based meth-
ods such as PULSE and UniTranslator perform direct inference
based on the input image (and prompt templates). The settings
and hyperparameters of the evaluated methods are according to
their official source codes.

C. Datasets

We use eight source-to-target translation mappings to assess
the universality of all the comparisons. These mappings cover
a wide range of domain heterogeneity, including cases where
domains are ‘adjacent’, such as Metfaces [49]—FFHQ [50] and
AFHQ-cat [10]—E621Faces [51], as well as cases where do-
mains are ‘far-off’, such as AFHQ-cat — Anime [52], AFHQ-cat
— FFHQ, AFHQ-dog — FFHQ, and AFHQ-wild — FFHQ.
To provide a more challenging evaluation, we also include
mappings between ‘intensely far-off” domains, such as LSUN-
Church [53]—FFHQ and AFHQ-cat — LSUN-Church. Note
that we do not address intra-domain translations, such as male-
to-female mapping within the FFHQ domain, as these can be
easily achieved with state-of-the-art editing methods [44], [54].
Instead, our focus is on cross-domain translations, even those
involving minimal domain gaps, such as the adjacent domains
we target.

For datasets with predefined train-test splits, such as AFHQ
and LSUN-church, we use the default training set to train
learning-based competitors. In cases where predefined splits are
unavailable, as with MetFaces, FFHQ, E621Faces, and Anime,
we perform a random 7:3 split between the training and test
sets. For fine-tuning the domain adaptation method DiFa, we
randomly select a single training image from the target domain.
Note that inference-based and diffusion-based methods conduct
inference directly on the test set or utilize text prompts without
relying on the training images. All reported performances are
based on results obtained from the test set.

The datasets used in the evaluations contain images of differ-
ent resolutions: 1024 x 1024 (e.g., FFHQ, Metfaces), 512 x 512
(e.g., AFHQ, Anime, and E621Faces), and 256 x 256 (e.g.,
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LSUN-church) pixels. Note that VQ-I2I, GP-UNIT, StarGAN?2,
DiffusionCLIP, and DiffuselT are limited to generating results at
aresolution of 256 x 256. For DiFa, the generative resolutions
align with those of the source domain datasets, as they depend
on the source generators. In contrast, PULSE and UniTranslator
consistently produce results at the same resolution as the target
domain dataset.

D. Evaluation Metrics

We use various metrics to analyze the quality of the generated
results and the perceptual correspondence between inputs and
outputs. Specifically, we use the no-reference metric Naturalness
Image Quality Evaluator (NIQE) [55] to assess image quality,
with a particular focus on the perceived realism of the results,
including any potential distortions or artifacts. Additionally, in
cross-domain translation tasks, the generated images must bear
perceptual similarity to the corresponding reference images. We
utilize the LPIPS metric [47], which relies on deep features. It
is calculated for each input-output pair, with an average score
reported.

Furthermore, after producing the transformed images for each
translation task, we measure the similarity between their CLIP
embeddings and those of the target dataset to assess how well
the output images fit into the target domain. We also include a
user study to support our evaluations, both of which are detailed
in the supplementary materials.

It is important to note that while the Fréchet Inception Dis-
tance (FID) [56] and the Inception Score (IS) [57] are widely
used to evaluate image quality, they are not ideally suited for
cross-domain translation tasks. A detailed discussion of these
metric choices is provided in the supplementary materials.

E. Qualitative Evaluation

Qualitative evaluation results, as shown in Figs. 5 and 6,
demonstrate the limitations of learning-based methods (VQ-I2I,
StarGAN2, and GP-UNIT) in achieving high-quality transla-
tions. While these methods succeed in translating certain pat-
terns into target domains, the synthesized images are not less
appealing. This issue primarily arises because their feature
extraction mechanisms excel mainly within visually similar do-
mains. Specifically, VQ-I2I and StarGAN?2 overlook high-level
correspondences between domains, restricting their capability to
handle translations across visually distinct domains. GP-UNIT,
which leverages the generative prior from BigGAN [21], can
synthesize images in complex domains with substantial visual
disparities. However, due to the inadequate disentanglement of
BigGAN’s latent space, GP-UNIT cannot effectively establish
effective correspondences with the source domain concerning
contours and color tones, resulting in less realistic outcomes.
Additionally, GP-UNIT exhibits a lack of generalization when
applied to domains beyond the training range of its pose encoder,
further diminishing its performance. These limitations signifi-
cantly undermine the universality of learning-based methods. In
contrast, our UniTranslator performs well by requiring only a
single source domain image, disregarding the source domain’s
range, and extracting domain-agnostic information through a
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StarGAN2
[10]

GP-UNIT
[20]

Source VQ-I21
Image [5]

Fig. 5.

DiFa
[17]
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PULSE DiffusionCLIP
[22] [18]
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DiffuselT UniTranslator
[19] (ours)

Qualitative comparison of our UniTranslator with state-of-the-art methods for translating X' to FFHQ. Note that significant issues encountered by other

methods, including severe distortions (VQ-I2I), poor cross-domain correspondences (GP-UNIT and StarGAN2), presence of source domain patterns (VQ-I2I and
PULSE), and even the inability to generate target domain patterns (Difa, DiffusionCLIP, and DiffuselT).

GP-UNIT
[20]

StarGAN2
[10]

Source VQ-I21
Image [5]

Fig. 6.

decoupling module. It achieves robust correspondences with
the source domain across various aspects, including poses, con-
tours, and color tones. Furthermore, by harnessing the better-
disentangled generative prior of StyleGAN, UniTranslator con-
sistently generates highly realistic outputs.

The domain adaptation method, DiFa, and diffusion-based
methods, DiffusionCLIP and DiffuselT, do not translate the
images well, as the outputs closely resemble the sources. These

DiFa
[17]

DiffuseIT UniTranslator
[19] (ours)

DiffusionCLIP
[18]

PULSE
[22]

Comparison with the competitors. First row: AFHQ-cat — E621Faces; Second row: AFHQ-cat — Anime;Third row: AFHQ-cat— LSUN-church.

methods utilize CLIP losses applied to pre-trained source models
for cross-domain translations. However, the qualitative results
underscore the insufficiency of this approach in bridging sub-
stantial domain gaps. In contrast, our approach uses the CLIP2P
mapper to navigate the StyleGAN target manifold, ensuring that
the output results reside within the target domain.

It is worth noting that although PULSE also leverages the
generative prior of StyleGAN, it often produces ambiguous
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Source
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Fig. 7.
often yield single-modal or lower-quality outputs.
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StarGAN2
[10]

Diversity comparison. Given one input, UniTranslator generates diverse and sensible results through multiple optimizations, while alternative methods

TABLE III
QUANTITATIVE COMPARISON OF OUR UNITRANSLATOR WITH STATE-OF-THE-ART METHODS

T Il 5 I VQ-I21 Il GP-UNIT || StarGAN2 || DiFa I PULSE || DiffusionCLIP || Diffusel T || UniTranslator
ype Mapping

I || NIQE | LPIPS || NIQE || LPIPS || NIQE | LPIPS || NIQE | LPIPS || NIQE | LPIPS || NIQE | LPIPS || NIQE | LPIPS || NIQE | LPIPS
Adjacent Metfaces—FFHQ 481 | 068 444 0.62 447 | 060 747 - 507 | 050 5.65 - 579 | 054 425 | 018
Adjacent AFHQ-cat—E621Faces 7.09 0.80 6.49 0.76 591 0.75 5.10 - 7.41 0.64 3.75 - 6.12 0.45 4.94 0.26
Far-off AFHQ-cat—Anime 606 | 074 5.80 0.75 602 | 075 187 - 503 | 063 1.07 - 559 | 044 425 | 026
Far-off AFHQ-cat—FFHQ 4.44 0.72 4.57 0.76 4.70 0.72 4.83 - 4.72 0.61 4.89 - 6.74 0.45 3.69 0.23
Far-off AFHQ-dog—FFHQ 483 | 066 468 076 478 | 068 6.37 - 481 | 058 447 - 588 | 041 412 | 022
Far-off AFHQ-wild—FFHQ 423 | 072 4.40 0.76 464 | 072 5.18 - 463 | 064 5.86 - 598 | 045 417 | 023
Intensely far-off LSUN-church—FFHQ 5.11 0.80 4.43 0.81 447 0.81 5.69 - 4.82 0.65 5.86 - 6.09 0.45 3.98 0.23
Intensely far-off AFHQ-cat—LSUN-church 4.69 0.72 4.23 0.76 4.57 0.76 4.40 - 6.01 0.67 4.33 - 5.69 0.44 412 0.26
/ || Average || 516 | 073 || 488 || 075 || 495 | 072 || 549 | || 531 | 062 || 486 | || 599 | 045 || 419 | 023

‘We use NIQE and LPIPS scores to assess the quality and perceptual similarity of the generated images. Both metrics are the lower, the better, and the best results are highlighted in bold with underline.

translations. Its guidance for traversal relies solely on pixel-wise
constraints applied to downsampled images, a strategy well-
suited for super-resolution methods but overly simplistic for
cross-domain translations. On the other hand, our approach con-
siders both the establishment of cross-domain correspondences
and the quality of the generated results, thereby translating
images effectively. Additionally, due to UniTranslator’s minimal
increase in learnable parameters, it steadily translates images
through optimization without excessive overheads.

F. Diversity

The correspondences become increasingly abstract and less
rigid as the gap widens between the source and target domains.
This natural relaxation also affects the accompanying target-
specific information, rendering it similarly more flexible. The
confluence of these two types of information can lead to mul-
tiple valid solutions, as the inherent multiplicity of reasonable
outputs for a given input in cross-domain translation. From the
visual perspective, the rationality of the results must take into
account cross-domain correspondences, while diversity stems
from the flexibility in both cross-domain correspondences and
target-specific information.

Fig. 7 shows comparisons that encapsulate this aspect of
diversity. Our approach generates diverse yet reasonable re-
sults through multiple inferences. The results show that the ex-
tracted domain-agnostic information possesses flexibility with-
out sacrificing reasonableness, in line with the fact that strict
cross-domain correspondences may not always be guaranteed

(suchas when inferring a person’s facial age based on an animal’s
face). In contrast, other methods often generate low-quality out-
puts with poor alignments with the source images or translated
images with minimal variation.

G. Quantitative Evaluation

Table IIT shows the NIQE and LPIPS scores of the evaluation
results. Our method consistently performs favorably across vari-
ous configurations and mapping tasks. These results demonstrate
our method’s ability to translate high-quality images reliably
while preserving strong perceptual correlations between the
sources and targets. We do not include the LPIPS score for
DiFa and DiffusionCLIP, as their outputs predominantly remain
within the source domain. As evident in Figs. 5 and 6, their
translated outputs resemble the input images. Thus, assessing
the perceptual correspondences of such results within the scope
of cross-domain translation tasks becomes inherently inconse-
quential. Furthermore, we compute the similarity of CLIP em-
beddings between the generated results and the target dataset for
each mapping task, assessing the degree to which the outcomes
belong to the target domain. More details are provided in the
supplementary material.

H. Ablation Study

Effectiveness of CLIP2P Mapper. To evaluate the effect of
our CLIP2P mapper, we conduct a qualitative ablation study by
removing the nonlinear mapping M (-) and using the output of
the linear layer as the g code in (10). The resulting images are
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row: AFHQ-cat — FFHQ; Third row: AFHQ-dog — FFHQ); Last row: AFHQ-cat — LSUN-church.).
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(a) Quantitative evaluation of ablation study

Fig. 9.

displayed in the 7th column of Fig. 8. Removing this function
noticeably degrades image quality in the E621Faces and LSUN-
church domains, while the effect on image quality in the FFHQ
domain is relatively minor.

These results can be attributed to the differences between
the distributions P (true) and P (pseudo) across various target
domains, as observed in Table I. Domains like FFHQ, where
the corresponding P (pseudo) and P (true) distributions are
closer, only require an additional linear layer to enable the ¢
code to approximate the p code, even without the nonlinear
mapping. Conversely, when the distribution P (pseudo) sig-
nificantly deviates from the distribution P (true), learning the
q code from the clip embedding v becomes more complex,
necessitating our nonlinear mapping. Notably, even in the FFHQ
domain, using nonlinear mapping can yield improved visual
results, as it can more accurately approximate the distribution
P (true).

(b) Visualization of domain-specific information

(c) Visualization of domain-agnostic information

Quantitative evaluation of ablation study and visualized features generated by the decoupling module.

Furthermore, we remove the linear layer from the CLIP2P
mapper while keeping the nonlinear mapping for analysis. How-
ever, in practice, we encounter abnormally high loss values
during the early iterations, resulting in training instability. This
suggests that the small number of additional parameters pro-
vided by the linear layer is necessary to fit the required mapping
better. We exclude the results of completely removing the entire
CLIP2P mapper due to apparent compatibility issues between
the CLIP and P spaces.

In addition to the qualitative ablation study, we conduct a
quantitative analysis, as shown in Fig. 9(a), comparing the
proposed method with its variations across different types of
mappings. The results demonstrate that the most significant
improvement in translation quality comes from the integration
of our novel mapping function, highlighting its pivotal role in
enhancing the overall system performance. An exception is the
extreme case without the £,, loss in the LSUN-church target
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domain, which will be discussed in the context of effectiveness
of loss functions. All observations indicate that our CLIP2P
mapper significantly expands the boundaries of cross-domain
translation universality.

Effectiveness of Decoupling Module. To demonstrate the
decoupling module’s importance, we analyze this component
removed, and the qualitative results are presented in the 6th
column of Fig. 8. A comparison with our full-featured model
reveals that the decoupling module effectively leverages seman-
tic information to construct correlation mappings related to pose,
coarse outlines, and specific elements of fine attributes.

For example, in the 2nd row of Fig. 8, our method generates
a white scarf on the girl’s neck, corresponding to the white
patch on the cat’s chest in the source image. In contrast, the
images generated without the decoupling module lack such a
vivid correspondence. In the 3 rd row, while other configurations
tend to produce long curls to match the dog’s curly fur, the
absence of the decoupling module results in short hair. Even in
scenarios characterized by a significant gap between source and
target domains, such as the translation from a cat to a church, the
decoupling module plays a crucial role by successfully matching
the cat’s pointed ears with the spires of the church.

Beyond its significant advantage in maintaining cross-domain
correspondences, the decoupling module also enhances trans-
lation quality across source and target domains with varying
levels of heterogeneity, as shown in Fig. 9(a). This improvement
is likely attributed to the effective utilization of the natural
statistical properties inherent in the source image.

We also visualize domain-specific and domain-agnostic infor-
mation to understand the decoupling module’s effect. Using the
translation of AFHQ-dog to FFHQ as an example, we sample
500 images from the AFHQ-dog domain and translate them to
the FFHQ domain. We apply PCA to reduce the dimensions
of domain-specific and domain-agnostic features learned by the
decoupling module during the initial and convergence stages of
learning, visualizing the results in Fig. 9(b) and (c). Here, red
dots represent source domain features, while blue dots indicate
target domain features. Additionally, in Fig. 9(b), we mark the
average embeddings (also PCA-reduced) of the source and target
prompt templates as red and blue stars. It is demonstrated that as
training progresses, domain-specific information progressively
shifts towards its respective text prompts, eventually clustering
around them. Meanwhile, domain-agnostic information con-
verges from a scattered state. All of these outcomes provide com-
pelling evidence for the effectiveness of the decoupling module.

Effectiveness of Loss Functions. We analyze the roles of
each loss term in the proposed method. First, we remove £,
from our total objective. As depicted in Fig. 8, when the target
domain is E621Faces or LSUN-church, removing £,, causes
the generated results to deviate almost entirely from the target
domain. When the target domain is FFHQ, the absence of £,
results in a degradation of image quality, although the generated
results remain near the face domain.

Furthermore, we analyze the effect of excluding L.ycie. As
illustrated in Fig. 8, the absence of L.y affects the semantic
correspondences between the source and target domains. In this
scenario, step 2 may alter the semantics carried by the v code,
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not just its distribution. The conflict with the function of step
1 results in the ineffectiveness of the hybrid learning strategy,
leading to suboptimal results.

Finally, we examine the effects of £, 5. and L;p;ps. As shown
in Fig. 8, the omission of £,,, s, influences the color space consis-
tency with regard to the input image (e.g., skin tones), while the
exclusion of Ly leads to a failure in establishing perceptual
relationships (e.g., determining the scale of the church).

Referring to Fig. 9(a), the quantitative impact of each loss
term is evident, aligning with our qualitative ablation analysis.
While all loss terms contribute to performance improvement, it is
particularly noteworthy that in the LSUN-church target domain,
the £, loss assumes an even more critical role. As shown in
Table II, the gap between the distributions in P and CLIP spaces
is more pronounced in the LSUN-church domain than in other
target domains. Therefore, utilizing £,, is vital in such domains,
guiding the CLIP embedding towards the p latent code. All the
evidence underscores the importance of these components in
our approach to enhancing the quality of cross-domain image
translations.

V. APPLICATIONS

One salient property of UniTranslator is its ability to derive
in-domain w latent codes for its results, ensuring that control-
lability is not sacrificed for expressiveness. We perform smooth
interpolation and style mixing experiments to demonstrate the
quality of our latent codes. Furthermore, we conduct qualitative
experiments involving style transfer and various degradation
scenarios to demonstrate the robustness of our method.

A. Controllable Smooth Interpolation

The original W space of StyleGAN exhibits properties of
smoothness and disentanglement. As a result, interpolation be-
tween two latent codes can manifest a smooth transition in multi-
level attributes. Initially, we select four source images, each
from AFHQ-cat, AFHQ-dog, AFHQ-wild, and LSUN-church,
considering their diverse backgrounds, poses, and color tones.
Utilizing the proposed method, we transform these images into
the FFHQ domain, resulting in four distinct face latent codes.
Interpolation between these latent codes seamlessly transitions
multi-level attributes along either direction, as illustrated in
Fig. 10. These results demonstrate that our approach can gener-
ate high-quality latent codes within the target domain, preserving
the controllability of the W space.

B. Style Mixing

We use style mixing [34] to validate the quality of our latent
codes, as shown in Fig. 11. Initially, we translate images of a
lion and a dog into the FFHQ domain and save their respective
w codes. Subsequently, we replicate and combine these latent
codes. The first 4 layers of the synthesis network are injected
with the lion’s latent code, and the remaining 14 layers receive
the dog’s latent code, resulting in a mixed outcome (a). In this
image, attributes such as pose and face shape are inherited from
the lion, while the color scheme and finer details are drawn
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Source B
Result B

Source A

Result A +—

Inter- polation
Inter- polation

Result C <+— Interpolation — Result D

Source C Source D

Fig. 10.  We take four input images from different source domains, transform
them into the target FFHQ domain, and save the corresponding w latent codes.
Subsequently, we conduct smooth interpolation between these latent codes. The
images in the corners indicate the source images and the 6 x 6 images in the
middle depict the interpolated results.

Translated result

Source (wild) Mixed result (a)

o layer = 1 : layer = 1
[ F Coarse | layer = 4
| layer =5
|
|
Fine |
layer = 18 : layer = 18
Translated result |
layer =1 : layer = 1
Coarse | layer : 4
| layer =5
|
|
Fine |
layer = 18 I layer = 18

Fig. 11.  Style mixing. Mixed result (a) is generated by injecting coarse wild
style into the dog style, while mixed result (b) is produced by injecting fine wild
style into the dog style.

from the dog. For instance, the individual in result (a) features
an angled pose, primarily derived from the lion’s pose. However,
the dark hair color and fair skin tone originate from the dog’s
dark head and white face.

Next, we reverse the latent codes of the lion and the dog to
create the mixed result (b). Here, the lion influences the fine
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Fig. 12.  Real images stylization. We transform real portraits into Ilya Kuvshi-
nov’s style. The first and third rows represent the real images, while the second
and fourth rows showcase the stylized images.

structure, and the coarse attributes are derived from the dog.
The person in result (b) assumes a forward pose, adapted from
the dog’s pose, while their yellow skin tone is borrowed from the
lion’s features. These results demonstrate the capacity of the
proposed method to achieve nuanced style mixing while pre-
serving the integrity of the target images.

C. Stylization

Stylization, as one of the significant applications of image
translation, warrants special attention. For the stylization ex-
periments, we collect real portraits from Unsplash and Pexels
websites and a set of portraits of the star Taylor Swift. These
portraits are then translated into the artistic style of Ilya Ku-
vshinov, as shown in Fig. 12, yielding noteworthy results. The
proposed method captures intricate details, such as the complex
texture of hair colors in real scenarios. The results demonstrate
the capability of our method to produce high-quality stylized
images, even when dealing with smaller domain gaps.

D. Robustness in Degradation Scenarios

A translation application for real-world scenarios necessitates
the ability to handle user-provided inputs. In such cases, the
source domain is uncertain, and the image quality can also vary
significantly. Inputs may include low-resolution or corrupted
images, highlighting the importance of algorithmic robustness.
Thus, we evaluate our method under two conditions: handling
low-resolution inputs and corrupted inputs.

For low-resolution inputs, we experiment with 32 x 32 LR
images as inputs and generate 1024 x 1024 HR results. PULSE
can also generate results with a resolution of 1024 pixels.
However, VQ-I2I, StarGAN2, GP-UNIT, and DiffusionCLIP
cannot process LR images as inputs. As a result, we resize LR
images to 256 x 256 and generate 256 x 256 HR results. DiFa,
which fine-tunes the AFHQ generator, produces 512 x 512
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Fig. 13. A comparison of AFHQ-dog — FFHQ in degradation scenarios.

images. These are presented in the first two rows of Fig. 13.
VQ-I2I, GP-UNIT, and StarGAN2 cannot translate well with
low-resolution images. DiFa and DiffusionCLIP manage only
to generate blurry images. The results of PULSE retain some
undesirable patterns from the source images, such as spots on a
dog’s face. In contrast, our method can generate high-resolution
images, translating them to the target domain while maintaining
high quality.

We also simulate corrupted images by randomly adding masks
to the input images. Note that during this process, the constraints
of Leccouplings Lmse, and Lpips are applied only to regions that
are not masked. The results of these tests are presented in the
last two rows of Fig. 13. Under these challenging conditions, the
proposed method performs adaptively and stably, underscoring
its potential to handle diverse and unpredictable real-world
inputs.

VI. LIMITATIONS

Our UniTranslator aims to transform images between visually
distinct domains while maintaining domain correspondence.
This translation framework can connect any real-world source
domain to a chosen target domain. However, our approach is still
limited by the generative capacity of StyleGAN2. Illustrative
failure cases are depicted in Fig. 14. Certain expressions and
poses, such as a dog sticking out its tongue or a cat curling up,
are common in specific source domains, but their counterparts
in target domains, such as humans, do not naturally assume
these poses. Given that these rare expressions and poses were
not sufficiently represented during the pre-training phase of

DiffusionCLIP UniTranslator

. M

AFHQ-cat=-FFHQ

DiFa PULSE

AFHQ-cat=-FFHQ

AFHQ-dog=FFHQ AFHQ-dog=FFHQ

Fig. 14.  Some failure cases of our method.

StyleGAN2, generating such images remains challenging. Mov-
ing forward, our focus will pivot towards large-scale generators
such as StyleGAN-XL [58] and GigaGAN [59], which demon-
strate superior performance on weakly structured datasets,
thereby potentially overcoming the current limitation.

The second limitation is that there may be a lack of large-
scale data to train the target domain generator. Fortunately, few-
shot domain adaptation methods provide a possible solution. By
fine-tuning an off-the-shelf pre-trained generator using a few
target samples, it is easy to get the target domain generator.
As depicted in Fig. 15, we first pre-adapt the FFHQ generator
by DiFa [17] using a sample in artist Elena Berezina’s style or
Chinese meticulous painting style. Subsequently, UniTranslator
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Target

AFHQ cat:>Ch1nese meticulous painting

Fig. 15. The StyleGAN2 generator is fine-tuned using a one-shot domain
adaptation method, DiFa, to obtain the representation of the unseen target
domain.

transforms a diverse range of source images into this new target
domain.

In addition, our current method cannot handle inputs with
multiple subjects, as StyleGAN exhibits limitations in gener-
ating images with multiple subjects. Furthermore, while the
abstract nature of the cross-domain correspondences captured
by the decoupling module provides flexibility in managing the
scope of source domains, it compromises interpretability to a
certain degree, which poses challenges in ensuring individual
object correspondences in such cases. Addressing this limitation
will be part of our future work.

VII. CONCLUSION

In this work, we introduce UniTranslator, a pioneering
paradigm that combines the domain-neutral capabilities of CLIP
with the practical generative ability of StyleGAN for univer-
sal visual domain translation. Using the cutting-edge vision-
language model CLIP, we develop a decoupling module that
extracts abstract and domain-agnostic semantics from CLIP
representations. Furthermore, we introduce CLIP2P mapper,
a non-linear mapping technique, to bridge CLIP and Style-
GAN’s latent spaces, effectively utilizing StyleGAN’s genera-
tive priors. Extensive experimental results, both qualitative and
quantitative, demonstrate that the proposed method performs
favorably against state-of-the-art models regarding semantic
correspondences and visual quality. Finally, we also demonstrate
the versatility and robustness of UniTranslator through diverse
applications.

REFERENCES

[1] F.Baoetal., “One transformer fits all distributions in multi-modal diffusion
at scale,” in Proc. Int. Conf. Mach. Learn., 2023, pp. 1692-1717.

[2] Z.Wangetal., “Detecting everything in the open world: Towards universal
object detection,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit.,
2023, pp. 11433-11443.

[3] Q. Shen, X. Yang, and X. Wang, “Anything-3D: Towards single-view
anything reconstruction in the wild,” 2023, arXiv:2304.10261.

[4] Y. Dalva, S. F. Altindis, and A. Dundar, “VecGAN: Image-to-image trans-
lation with interpretable latent directions,” in Proc. Eur. Conf. Comput.
Vis., Springer, 2022, pp. 153-169.

[5]1 Y.-J. Chen, S.-I. Cheng, W.-C. Chiu, H.-Y. Tseng, and H.-Y. Lee, “Vector
quantized image-to-image translation,” in Proc. Eur. Conf. Comput. Vis.,
2022, pp. 440-456.

2879

[6] L.Zhang, X. Chen, X. Tu, P. Wan, N. Xu, and K. Ma, “Wavelet knowledge
distillation: Towards efficient image-to-image translation,” in Proc. [EEE
Conf. Comput. Vis. Pattern Recognit., 2022, pp. 12464-12474.

[71 M. Ko etal., “Self-supervised dense consistency regularization for image-
to-image translation,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit.,
2022, pp. 18301-18310.

[8] S. Kim, J. Baek, J. Park, G. Kim, and S. Kim, “InstaFormer: Instance-
aware image-to-image translation with transformer,” in Proc. IEEE Conf.
Comput. Vis. Pattern Recognit., 2022, pp. 18321-18331.

[9] Y. Choi, M. Choi, M. Kim, J.-W. Ha, S. Kim, and J. Choo, “StarGAN:
Unified generative adversarial networks for multi-domain image-to-image
translation,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2018,
pp- 8789-8797.

[10] Y. Choi, Y. Uh, J. Yoo, and J.-W. Ha, “StarGAN v2: Diverse image
synthesis for multiple domains,” in Proc. IEEE Conf. Comput. Vis. Pattern
Recognit., 2020, pp. 8188-8197.

[11] M.-Y. Liu, T. Breuel, and J. Kautz, “Unsupervised image-to-image trans-
lation networks,” in Proc. Int. Conf. Neural Inf. Process. Syst., 2017,
pp. 700-708.

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

[13] J. Kim, M. Kim, H. Kang, and K. Lee, “U-GAT-IT: Unsupervised gener-
ative attentional networks with adaptive layer-instance normalization for
image-to-image translation,” in Proc. Int. Conf. Learn. Representations,
2020.

[14] M.-Y. Liu et al., “Few-shot unsupervised image-to-image translation,” in
Proc. IEEE Int. Conf. Comput. Vis., 2019, pp. 10551-10560.

[15] K. Baek, Y. Choi, Y. Uh, J. Yoo, and H. Shim, “Rethinking the truly un-
supervised image-to-image translation,” in Proc. IEEE Int. Conf. Comput.
Vis., 2021, pp. 14154-14163.

[16] U. Ojha et al., “Few-shot image generation via cross-domain corre-
spondence,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2021,
pp. 10743-10752.

[17] Y. Zhang et al., “Towards diverse and faithful one-shot adaption of gener-
ative adversarial networks,” in Proc. Int. Conf. Neural Inf. Process. Syst.,
2022, pp. 37297-37308.

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

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

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

[21] A. Brock, J. Donahue, and K. Simonyan, “Large scale GAN training
for high fidelity natural image synthesis,” in Proc. Int. Conf. Learn.
Representations, 2019.

[22] S. Menon, A. Damian, S. Hu, N. Ravi, and C. Rudin, “PULSE: Self-
supervised photo upsampling via latent space exploration of generative
models,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2020,
pp. 2437-2445.

[23] A. Radford et al., “Learning transferable visual models from natural lan-
guage supervision,” in Proc. Int. Conf. Mach. Learn.,2021, pp. 8748-8763.

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

[25] C.Jung, G. Kwon, and J. C. Ye, “Exploring patch-wise semantic relation
for contrastive learning in image-to-image translation tasks,” in Proc. IEEE
Conf. Comput. Vis. Pattern Recognit., 2022, pp. 18260-18269.

[26] J. Xiao, L. Li, C. Wang, Z.-J. Zha, and Q. Huang, “Few shot generative
model adaption via relaxed spatial structural alignment,” in Proc. [EEE
Conf. Comput. Vis. Pattern Recognit., 2022, pp. 11204-11213.

[27] R. Gal, O. Patashnik, H. Maron, A. H. Bermano, G. Chechik, and D.
Cohen-Or, “StyleGAN-NADA: CLIP-guided domain adaptation of image
generators,” ACM Trans. Graph., vol. 41, no. 4, pp. 1-13, 2022.

[28] P. Zhu, R. Abdal, J. Femiani, and P. Wonka, “Mind the gap: Domain
gap control for single shot domain adaptation for generative adversarial
networks,” in Proc. Int. Conf. Learn. Representations, 2022.

[29] Y.Zhao, H. Ding, H. Huang, and N.-M. Cheung, “A closer look at few-shot
image generation,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit.,
2022, pp. 9140-9150.

[30] Y. Zhao, K. Chandrasegaran, M. Abdollahzadeh, and N.-M. Cheung,
“Few-shot image generation via adaptation-aware kernel modulation,” in
Proc. Int. Conf. Neural Inf. Process. Syst.,, A. H. Oh, A. Agarwal, D.

Authorized licensed use limited to: UNIVERSITY OF SOUTHAMPTON. Downloaded on March 11,2025 at 12:54:22 UTC from IEEE Xplore. Restrictions apply.



2880

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. 47, NO. 4, APRIL 2025

Belgrave, and K. Cho, Eds., 2022, pp. 19427-19440. [Online]. Available:
https://openreview.net/forum?id=Z5SE9PiAO4t

A. K. Mondal, P. Tiwary, P. Singla, and P. Ap, “Few-shot cross-domain im-
age generation via inference-time latent-code learning,” in Proc. Int. Conf.
Learn. Representations,2023. [Online]. Available: https://openreview.net/
forum?id=sCYXJr3QJM8

E. Richardson et al., “Encoding in style: A StyleGAN encoder for image-
to-image translation,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit.,
2021, pp. 2287-2296.

Y. Xu, Y. Shen, J. Zhu, C. Yang, and B. Zhou, “Generative hierarchical
features from synthesizing images,” in Proc. IEEE Conf. Comput. Vis.
Pattern Recognit., 2021, pp. 4430-4430.

K. Kang, S. Kim, and S. Cho, “GAN inversion for out-of-range images
with geometric transformations,” in Proc. IEEE Int. Conf. Comput. Vis.,
2021, pp. 13941-13949.

Y. Alaluf, O. Patashnik, and D. Cohen-Or, “ReStyle: A residual-based
StyleGAN encoder via iterative refinement,” in Proc. IEEE Int. Conf.
Comput. Vis., 2021, pp. 6691-6700.

Q. Bai, Y. Xu, J. Zhu, W. Xia, Y. Yang, and Y. Shen, “High-fidelity GAN
inversion with padding space,” in Proc. Eur. Conf. Comput. Vis., Springer,
2022, pp. 36-53.

R. Abdal, Y. Qin, and P. Wonka, “Image2StyleGAN: How to embed images
into the StyleGAN latent space?,” in Proc. IEEE Int. Conf. Comput. Vis.,
2019, pp. 4432-4441.

R. Abdal, Y. Qin, and P. Wonka, “Image2StyleGAN++: How to edit the
embedded images?,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit.,
2020, pp. 8296-8305.

R. Abdal, P. Zhu, N. J. Mitra, and P. Wonka, “StyleFlow: Attribute-
conditioned exploration of StyleGAN-generated images using conditional
continuous normalizing flows,” ACM Trans. Graph., vol. 40, no. 3,
pp. 1-21, 2021.

Y. Xu, Y. Du, W. Xiao, X. Xu, and S. He, “From continuity to editabil-
ity: Inverting GANs with consecutive images,” in Proc. IEEE Int. Conf.
Comput. Vis., 2021, pp. 13910-13918.

0. Tov, Y. Alaluf, Y. Nitzan, O. Patashnik, and D. Cohen-Or, “Designing an
encoder for StyleGAN image manipulation,” ACM Trans. Graph., vol. 40,
no. 4, pp. 1-14, 2021.

P. Zhu, R. Abdal, Y. Qin, J. Femiani, and P. Wonka, “Improved StyleGAN
embedding: Where are the good latents?,” 2020, arXiv: 2012.09036.

Y. Zhou, B. Liu, Y. Zhu, X. Yang, C. Chen, and J. Xu, “Shifted diffusion
for text-to-image generation,” in Proc. IEEE Conf. Comput. Vis. Pattern
Recognit., 2023, pp. 10157-10166.

D. Roich, R. Mokady, A. H. Bermano, and D. Cohen-Or, “Pivotal tuning
for latent-based editing of real images,” ACM Trans. Graph., vol.42,no. 1,
pp. 1-13, 2022.

X.Pan, A. Tewari, T. Leimkiihler, L. Liu, A. Meka, and C. Theobalt, “Drag
your GAN: Interactive point-based manipulation on the generative image
manifold,” in Proc. ACM SIGGRAPH Conf., 2023, pp. 1-11.

O. Patashnik, Z. Wu, E. Shechtman, D. Cohen-Or, and D. Lischinski,
“StyleCLIP: Text-driven manipulation of StyleGAN imagery,” in Proc.
IEEE Int. Conf. Comput. Vis., 2021, pp. 2085-2094.

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

D. P. Kingma and J. Ba, “Adam: A method for stochastic optimization,”
in Proc. Int. Conf. Learn. Representations, 2015.

T. Karras, M. Aittala, J. Hellsten, S. Laine, J. Lehtinen, and T. Aila,
“Training generative adversarial networks with limited data,” in Proc. Int.
Conf. Neural Inf. Process. Syst., 2020, pp. 12104-12114.

T. Karras, S. Laine, and T. Aila, “A style-based generator architecture
for generative adversarial networks,” in Proc. IEEE Conf. Comput. Vis.
Pattern Recognit., 2019, pp. 4401-4410.

arfafax, “E621faces,” 2020. [Online]. Available: https://github.com/
arfatax/E621-Face-Dataset

Anonymous, D. Community, and G. Branwen, “Danbooru2020: A large-
scale crowdsourced and tagged anime illustration dataset (January 20),”
2021. [Online]. Available: https://gwern.net/Danbooru2020

F. Yu, Y. Zhang, S. Song, A. Seff, and J. Xiao, “LSUN: Construction of
a large-scale image dataset using deep learning with humans in the loop,”
2015, arXiv:1506.03365.

Y. Alaluf, O. Tov, R. Mokady, R. Gal, and A. Bermano, “Hyper-
Style: StyleGAN inversion with HyperNetworks for real image edit-
ing,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2022,
pp. 18511-18521.

[55]

[56]

[57]

[58]

[59]

A. Mittal, R. Soundararajan, and A. C. Bovik, “Making a “completely
blind” image quality analyzer,” IEEE Signal Process. Lett., vol. 20, no. 3,
pp- 209-212, Mar. 2013.

M. Heusel, H. Ramsauer, T. Unterthiner, B. Nessler, and S. Hochreiter,
“GANs trained by a two time-scale update rule converge to a local
Nash equilibrium,” in Proc. Int. Conf. Neural Inf. Process. Syst., 2017,
pp- 6626-6637.

T. Salimans, I. Goodfellow, W. Zaremba, V. Cheung, A. Radford, and X.
Chen, “Improved techniques for training GANS,” in Proc. Int. Conf. Neural
Inf. Process. Syst., 2016, pp. 2226-2234.

A. Sauer, K. Schwarz, and A. Geiger, “StyleGAN-XL: Scaling StyleGAN
to large diverse datasets,” in Proc. ACM SIGGRAPH Conf.,2022, pp. 1-10.
M. Kang et al., “Scaling up GANs for text-to-image synthesis,” in Proc.
IEEE Conf. Comput. Vis. Pattern Recognit., 2023, pp. 10124-10134.

Yong Du (Member, IEEE) received the BSc and
MSc degrees from Jiangnan University, Wuxi, China,
in 2011 and 2014, respectively, and the PhD de-
gree from the South China University of Technol-
ogy, Guangzhou, China, in 2019. He is currently
an associate professor with the School of Computer
Science and Technology, Ocean University of China.
His research focuses on computer vision, image pro-
cessing, machine learning, and generative models. He
has published several papers in top venues, includ-
ing CVPR, ICCV, ECCYV, and [EEE Transactions on
Image Processing, Multimedia, and Cybernetics.

Jiahui Zhan received the MSc degree from the
School of Computer Science and Technology, Ocean
University of China, in 2024. She is currently working
toward the PhD degree with Shanghai Jiao Tong
University. Her current research interests focus on
computer vision and generative models.

Xinzhe Li is currently working toward the MSc
degree with the School of Computer Science and
Technology, Ocean University of China, Qingdao,
China. His research interests include computer vision,
image processing, and multi-modal understanding.

Junyu Dong (Member, IEEE) received the BSc and
MSc degrees from the Department of Applied Math-
ematics, Ocean University of China, Qingdao, China,
in 1993 and 1999, respectively, and the PhD degree in
image processing from the Department of Computer
Science, Heriot-Watt University, Edinburgh, U.K.,
in 2003. He is currently a professor, the dean with
the Faculty of Information Science and Engineering,
Ocean University of China. His research interests in-
clude visual information analysis and understanding,
machine learning, and underwater image processing.

Authorized licensed use limited to: UNIVERSITY OF SOUTHAMPTON. Downloaded on March 11,2025 at 12:54:22 UTC from IEEE Xplore. Restrictions apply.


https://openreview.net/forum{?}id$=$Z5SE9PiAO4t
https://openreview.net/forum{?}id$=$sCYXJr3QJM8
https://openreview.net/forum{?}id$=$sCYXJr3QJM8
https://github.com/arfafax/E621-Face-Dataset
https://github.com/arfafax/E621-Face-Dataset
https://gwern.net/Danbooru2020

DU et al.: ONE-FOR-ALL: TOWARDS UNIVERSAL DOMAIN TRANSLATION WITH A SINGLE STYLEGAN 2881

Sheng Chen (Life Fellow, IEEE) received the PhD
degree in control engineering from City University,
London, in 1986, and the doctor of sciences (DSc) de-
gree from the University of Southampton, Southamp-
ton, U.K., in 2005. Since 1999, he has been with the
School of Electronics and Computer Science, Univer-
sity of Southampton, U.K., where he holds the post of
professor in intelligent systems and signal processing.
His research interests include neural network and
machine learning, adaptive signal processing, nonlin-
ear system modeling, and evolutionary computation
methods and optimization. He has published more than 700 research papers. He
is a fellow of the United Kingdom Royal Academy of Engineering and IET.

Ming-Hsuan Yang (Fellow, IEEE) is a professor of
electrical engineering and computer science with the
University of California, Merced. He served as a pro-
gram co-chair of the IEEE International Conference
on Computer Vision in 2019. He received ICML Best
Paper Award in 2024, Longuet-Higgins Prize in 2023,
CVPR Best Paper Honorable Mention in 2028, Nvidia
Pioneer Research Award in 2018 and 2017, ACM
UIST Best Paper Honorable Mention, NSF CAREER
award in 2012 and Google Faculty Award in 2009. He
is a fellow of the ACM.

Shengfeng He (Senior Member, IEEE) received the
BSc and MSc degrees from the Macau University of
Science and Technology, in 2009 and 2011, respec-
tively, and the PhD degree from the City University of
Hong Kong, in 2015. He is an associate professor with
the School of Computing and Information Systems,
Singapore Management University. He was previ-
ously on the faculty of the South China University of
Technology from 2016 to 2022. His research interests
include computer vision and generative models. He
has received awards, such as the Google Research
Awards, the Best Paper Award at PerCom24, and the Lee Kong Chian Fellowship.
He is a senior member of the CCE. He serves as the lead guest editor of
International Journal of Computer Vision and as an associate editor of IEEE
Transactions on Neural Networks and Learning Systems, IEEE Transactions on
Circuits and Systems for Video Technology, Visual Intelligence, and Neurocom-
puting. He also serves on the area chair/senior program committees of ICML,
AAAI IICAL and BMVC.

Authorized licensed use limited to: UNIVERSITY OF SOUTHAMPTON. Downloaded on March 11,2025 at 12:54:22 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


