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Abstract

Stickers are widely used in digital communication to enhance emotional and visual expressions. The conventional process
of creating new sticker pack images involves time-consuming manual drawing, including meticulous color coordination and
shading techniques for visual harmony. Learning the visual styles of distinct sticker packs would be critical to the overall
process; however, existing solutions usually learn this style information within a limited number of style “domains”, or per
image. In this paper, we propose a contrastive learning framework that allows the style editing of an arbitrary sticker based
on one or a number of style references with a continuous manifold to encapsulate all styles across sticker packs. The key to
our approach is the encoding of styles into a unified latent space so that each sticker pack correlates with a unique style latent
encoding. The contrastive loss ensures identical style latents within the same sticker pack, while distinct styles diverge. Through
exposure to diverse sticker sets during training, our model crafts a consolidated continuous latent style space with strong
expressive power, fostering seamless style transfer, interpolation, and mixing across sticker sets. Experiments show compelling
style transfer results, with both qualitative and quantitative evaluations confirming the superiority of our method over existing
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approaches.
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1. Introduction

Stickers have gained immense popularity as a form of visual ex-
pression on numerous digital platforms. Users use stickers as a
lively and captivating method to personalize information, inter-
actions, and digital content, infusing their exchanges with emo-
tion, humor, and creativity. Traditionally, designing new sticker
pack images requires complete manual creation, which is tedious.
Artists may spend considerable time designing and aligning the
color themes and shading techniques carefully for the overall visual
harmony and balance. Clearly, there is an opportunity and substan-
tial benefit for machine learning-powered automation in this area.
It would be highly valuable if there is a solution for an artist to
easily transfer the styles, including shading palettes and textures,
to other stickers. Such a solution will provide an efficient way to
preview and align the visual styles for multiple stickers and also
offer a more intuitive means of gaining inspiration by producing
crossovers for stickers with varying appearances and feels.
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Several existing solutions may have the potential to realize such
an objective. For example, style transfer methods [GEB16, HB17,
KSLO19,LLH*21,CWZ*21, WZDB22, ZTD*22, WZZ*23] were
proposed to transfer the textural compositions of the style refer-
ence to the content image. However, the notion of style of stickers
differs fundamentally from traditional photographs and paintings.
Generic style transfer methods typically focus on transferring local
texture patterns and do not capture the higher-level style seman-
tics such as color themes and shading techniques that are neces-
sary for stickers. When applied to stickers, these methods usually
result in distorted or inconsistent colors and are difficult to main-
tain the color and shading consistency for semantic continuous re-
gions of the content image. Unsupervised image-to-image trans-
lation [LBK 17, HLBK18, CCK*18, LHM*19, CUYH20, BCU*21,
MTL*22] may also be used for reference-based image style edit-
ing. These methods typically decompose images into two latent
manifolds: a content space, representing shapes and structures that
contribute to subject recognition, and a style space, encoding col-
ors, textures, and other properties related to visual styles. High-
quality style editing and transfer can be learned through cycle
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consistency [ZPIE17] and adversarial learning [GPAM* 14]. How-
ever, these methods typically do not naturally support shared style
spaces, that is, multiple manifolds, often referred to as visual do-
mains [LBK17], are required to be constructed to encode different
types of visual styles. This requires large-scale data for each vi-
sual domain to support a comprehensive latent space. In our task,
the number of such domains could be extensive as we may have
thousands of sticker packs. On the other hand, the small num-
ber of stickers per set discourages the training of complete style
manifolds. Besides, the recent diffusion-based style editing mod-
els [LvdWH*23,ZHT*23,SSK*23] have shown high-quality image
generation capabilities; but similarly to the other existing methods,
they cannot be directly applied to our specific problem to learn the
notion of styles for stickers with harmonious shadings and aware-
ness to high-level sticker content semantics.

In this paper, we aim to edit the style of an arbitrary sticker
based on one or a number of style references with a continuous
manifold to encapsulate all styles across sticker packs. Our key in-
sight is based on the fact that stickers from the same pack share
the same visual style, while different sticker packs exhibit different
visual styles. This observation is mostly true, as within the same
sticker pack the author usually uses the same color schemes, similar
shading styles for sticker content semantics. This observation natu-
rally establishes a shared style latent manifold for all sticker packs,
which we can effectively learn via contrastive learning. The con-
trastive supervision of the style space also straightforwardly disen-
tangles the style-specific information from the content. Specifically,
we introduce a novel deep learning framework that applies this con-
trastive design to existing unsupervised image-to-image solutions,
facilitating effective and comprehensive learning of the content and
style latent spaces via a contrastive style encoder and a content
encoder. A contrastive style loss is implemented and applied for
learning in the style manifold. Additionally, we design a genera-
tor model to reassemble the decomposed latents back to the raster
sticker image and apply several reconstruction losses for cycle con-
sistency in both the image and the latent domains. We also propose
a style-guided discriminator that reads style latents as additional
conditions to enforce realistic and stylistically consistent generator
outputs. We have collected more than 200 sets of stickers with dif-
ferent styles for training and evaluation purposes. Our experiment
achieves compelling visual results in several tasks, including style
editing of arbitrary sticker, sticker sketch coloring, and sticker style
interpolation. Furthermore, the results demonstrate that our model
can extend its performance to sticker packs that were not part of
the training data. We also evaluate our framework quantitatively,
which shows that our method outperforms baseline approaches on
style translation efficacy and quality metrics. We summarize our
contributions in this work as follows:

e We propose a novel contrastive learning framework that allows
the style editing of an arbitrary sticker based on one or a number
of style references.

e With a large number of sticker packs, our framework learns
a continuous manifold to encapsulate all styles across sticker
packs, allowing arbitrary style transfer, modification, or inter-
polation for any sticker.

2. Related Work
2.1. Unsupervised Style Translation

Image-to-image translation involves representation learning and
mapping across the so-called image domains which represents im-
age groups of similar characteristics. CycleGAN [ZPIE17] first
employed cycle consistency, combining with adversarial learn-
ing [GPAM™ 14] for stable unsupervised image translation between
domains. UNIT [LBK17] and MUNIT [HLBK18] further learned
to decouple the feature representations into contents and styles for
interpretable cross-domain learning, with or without multi-model
capabilities. While the learning and generation capability of these
methods are decent, they struggled with our complex task for a
vast number of sticker packs, necessitating new networks for each
sticker pack pair. To handle translation for multiple domains with
a single network, [CCK* 18] introduced domain-conditioned gen-
eration and discrimination. This method was further extended by
FUNIT [LHM™19], which learned a style latent to represent the
appearances of images. The class condition could be further com-
puted from the class average. While FUNIT has the potential to be
applied to our problem, its representation learning does not guar-
antee a comprehensive style space to support a large number of
classes with only a few instances in each class, as will be shown in
the evaluation section. TUNIT [BCU*21] further clustered pseudo-
domain labels to eliminate the idea of image domains. However,
when applied to our task, its representation learning fails to cre-
ate stable clusters and generate very poor results. [MTL*22] pro-
posed a unified attribute space that achieves continuous and diverse
translation across visual domains, but its signed attribute vector can
be extremely complex for more than 100 explicit visual domains
and may also suffer from the curse of dimensionality upon training
and inference. Generally, defining each sticker pack into an individ-
ual visual domain causes extensive complexity in model training.
While FUNIT and TUNIT relaxed the strict barrier between visual
domains, their supervision may lead to incomplete learning of vi-
sual appearances. In sharp contrast, we explore the visual similar-
ity and dissimilarities across sticker packs to leverage contrastive
learning for efficient and comprehensive learning, without being
burdened by the definition of visual domains.

2.2. Style Transfer

Style transfer involves altering the style of an image while preserv-
ing its content structure. [GEB16] introduced convolutional neu-
ral networks to style transfer via optimization in feature spaces.
AdaIN [HB17] achieved arbitrary style transfer by re-adjusting
channel-wise feature statistics. However, the Gram matrix com-
monly used in their learning objectives only captures global fea-
ture correlations but lacks awareness to image local structures and
semantics. When applied to stickers, this often results in a lack of
semantic coherence, leading to obvious distorted and inharmonious
textures. AdaAttN [LLH*21] introduced attention and normaliza-
tion modules to better control local features, yet it still struggled
with color and texture distortion issues. [CWZ*21] introduced con-
trastive learning into style transfer by minimizing differences in
style translation within the same content or style image and vice
versa. CCPL [WZDB22] took advantage of contrastive learning
within the image and video neighbor patches before and after style
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Figure 1: Model overview. Our framework consists of four modules: (1) a style encoder Es to extract a style latent; (2) a content encoder
E. to extract a content latent; (3) a generator model G, to reassemble an output image from a tuple of content and style lantents; (4) a
style-guided multiscale discriminator D that enforces the generator output to be aligned with its designated input styles. For reconstruction
supervision, x| and x) will be the same and the computational graph will conclude at the generator output.

transfer for improved quality and consistency for video style trans-
fer. CAST [ZTD*22, ZTD*23] shared a similar idea with latent
disentanglement of image-to-image translation methods and used
contrastive learning to support comprehensive learning on latent
style space. While these methods achieve better style understand-
ing thanks to the contrastive objectives, they are mainly tailored
for style transfer, which translates and discriminates only against
the artistic or realistic domain. Moreover, their contrastive learn-
ing of visual styles is estimated per image, omitting style similari-
ties within a single sticker pack. MicroAST [WZZ*23] introduced
a mini-batch contrastive loss to handle relationships between var-
ious styles within a training batch, but they still fail to consider
style similarities within a single sticker pack, which could be much
more challenging due to the amount and diversity in appearances.
While color transfer methods, such as DNCM [KLZ*23], can ma-
nipulate the overall color tone of images to some extent, the under-
lying deterministic color mapping models cannot recognize visual
semantics and propagate satisfactory coloring for local details. Be-
sides, even though diffusion models show potential in generating
high-quality images, they are not directly applicable to our spe-
cific problem and require customization in the denoise diffusion
pipeline for style transfers. Tailored diffusion-based style transfer
model including [LvdWH*23,ZHT*23, SSK*23] have difficulties
in maintaining structure or handling contrast with these methods,
as they primarily focus on general style transfer. This focus dif-
fers from our goal of achieving visual harmony and smooth shad-
ing for stickers based on a reference. Furthermore, diffusion-based
methods typically incur significantly higher computational costs.
In practice, these methods still lead to unrealistic color distribution
and color bleeding artifacts, which will be examined in more detail
in the evaluation section.

© 2024 The Authors.
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2.3. Contrastive Learning

Contrastive learning has been widely applied in self-supervised
representation learning. It focuses on learning representations by
distinguishing between similar and dissimilar instances, thereby
mapping similar instances closer in the feature space while push-
ing apart dissimilar ones. This approach has been utilized in var-
ious applications, including image dehazing [WQL*21], object
detection [SLC*21], and image generation [KP20, LGC*21]. In
this work, we aim at the practical uses of contrastive learning
to learn the styles of stickers effectively. A similar prior work
CUT [PEZZ20] applied a patch-based contrastive loss to enforce
consistency between input and output image patches. However,
the focus on patch-level consistency may overlook broader stylis-
tic coherence across the entire sticker. IEST [CWZ*21] uses fea-
ture statistics including mean and standard deviation as style pri-
ors Contrastive supervision is employed to pull images with simi-
lar style statistics closer in the feature space while pushing images
with different styles apart, thereby associating images that share
the same style. Nonetheless, its reliance on feature statistics from
pre-trained networks may not fully capture the unique and diverse
styles present in sticker packs.

3. Method
3.1. Overview

We aim at a learning-based framework capable of re-rendering any
sticker image in a target reference style. In this work, we define the
style as a characteristic attribute of the sticker packs, which remain
consistent within the same sticker pack and diverge across different
sticker packs. This specific formulation of style supports a con-
trastive and disentangled feature representation of stickers, where
any possible styles of all sticker packs will be encoded in a uni-
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form latent space S. Furthermore, as the style latent s is constant for
the stickers in the same sticker pack, the remainder will naturally
fall into the content latent ¢ to encode all style-independent infor-
mation of stickers. For supervision, we apply contrastive learning
on s, where we minimize the distance of the decomposed style la-
tent s for stickers from the same set and maximize the distance for
stickers from different sets. When a large number of sticker packs
are fed during training, contrastive learning of decomposition au-
tomatically supports a unified style space S, allowing style transfer,
alteration, or interpolation of arbitrary stickers.

3.2. Network Architecture

As shown in Fig. 1, our framework consists of four modules: (1) a
style encoder Ej to extract the style latent s, of the style input x;; (2)
a content encoder E, to extract the content latent ¢; of the content
input x1; (3) a generator model G, to reassemble an output image
x12 from ¢ and s;; (4) a style-guided adversarial discriminator D
which receives latent style s, as an additional condition to supervise
G to produce a high quality sticker according to s;.

3.2.1. Style Encoder

We devise the style encoder E; to generate the style latent s for any
sticker image. Specifically, we construct a contrastive supervision
to learn a continuous unified style space S using the style encoder.
We design the encoder E; using five convolutional blocks. After the
convolutions, we apply global average pooling on the two spatial
dimensions to obtain a 256-dimensional vector as the style latent
s. We use ReLU activation and layer normalization [BKH16] for
stable training. To enable contrastive learning in the S manifold, we
use a metric based on cosine similarity for supervision. We explain
the objectives in the following subsection.

3.2.2. Content Encoder

We employ a content encoder E. to extract the content latent ¢ of
an input image. The content encoder consists of four convolutional
blocks with feature processing and condensing. Subsequently, two
residual blocks are placed to enhance the representation power of
the features. Throughout the content encoder, we apply instance
normalization to discard style-related information [HB17] and ac-
tivate normalized features with the ReLU function. The extracted
content latent ¢ is with a resolution of 256 x 32 x 32. Ideally, it is
expected to represent the structural semantics of the input, and we
will explain the disengtanglement in the next subsection.

3.2.3. Generator

The generator G is a style-conditioned deconvolutional network
that reads the content ¢ and the style s to construct a raster image
output. When ¢ and s are extracted from the same input, G can be
seen as a reconstruction network; while ¢ and s come from different
images, G can be seen as a style translation network. Specifically, G
reads from c and first uses two residual AdalN blocks [HB17] to en-
able style conditioning from s, where s is passed with a three-layer
MLP. Following these residual blocks, there are three upsampling
deconvolutional blocks. These upsampling blocks utilize deconvo-
lutions with layer normalizations and ReLU activations. The last
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Figure 2: Our style encoder Es extracts a style latent sq from an
anchor image xq. The positive sample xp should belong to the same
sticker pack as x4, and vice versa for the negative sample x.

convolutional block, without the inclusion of a normalization layer,
incorporates a Tanh activation function to generate the 3— channel
color image.

3.2.4. Style-guided Discriminator

We employ a multi-scale discriminator model D, similarly as stated
in [WLZ"18], to guide the generator G toward a high-quality out-
put. The key design of our discriminator D is to incorporate the con-
ditional GAN mechanism to receive additional information from a
style latent s extracted by the style encoder. Ideally, as the con-
trastive learning of the sticker pack style space S approaches con-
vergence, the discriminator model D will effectively learn from the
style space S, forcing the generator G to comply with the style in-
put s. This allows our generator to generate high-quality output
with a consistent style of the style input. Specifically, the discrim-
inator model receives three different input scales: 2562, 1282, and
64°. At the 256° scale, the style latent s is first spatially replicated
to construct a 256 sized matrix. After that, the replicated latent
is concatenated with the generator output channel-wise, to form a
4-channel discriminator input. For the other two scales, the con-
catenation is similar, with the generator output bilinearly reshaped
and the latent reshaped via a linear weight. The discriminator is
a patchGAN model [ZPIE17] containing 4 convolutional blocks,
with LeakyReLU activations with o = 0.2. For different scales, the
output shape will also be different. It is also worth noting that nor-
malization is not used in the model D.

3.3. Objectives

We train the overall framework within the scope of three different
learning tasks: contrastive learning, style crossover, and image re-
construction . We will explain the training objectives for each task
as follows.

3.3.1. Contrastive Learning of the Style Manifold

We aim to learn a unified and continuous latent style space S cap-
turing the styles of stickers and aligning the style latents per sticker
pack. As shown in Fig. 2, given an anchor image x, sampled from

© 2024 The Authors.
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Figure 3: Qualitative comparisons on seen style images (top 3 rows) and unseen style images (bottom 2 rows).

all stickers, we randomly select an image from the same sticker
pack as the positive sample x, and an image from a different pack
as the negative sample x,. We minimize the dissimilarity between
the style of the anchor sample s, and the style of the positive sample
sp, while maximizing the dissimilarity with the style of the negative
sample s,. Here, we use cosine similarity to estimate the dissimi-
larity and construct the contrastive objective as follows:

£c = Exa,xp,xn [Simz (ES (Xa) 7ES (x")) (1)
—+ max (1 —sim (Es (Xa) ,ES (xp)) 70)2}7

xy
(R

where sim(x,y) = is vector cosine similarity.

3.3.2. Style Crossover

Inpired by [HLBK18], we design the style crossover task for latent-
level reconstruction and cycle consistency. Specifically, after sam-
pling an input tuple x; and x, from the dataset, we extract their
content and style latents, namely ¢, c2, 51 and s,. We then gener-
ate two style crossover images x12 = G(cy,s2) and x31 = G(c3,51)
by shuffling the latents. After that, we decompose these crossover
images again and ensure the cycle consistency of the decomposed
latents. We first define the cycle consistency objectives:

‘Cg;/c = ]Exl X2 [
ﬁgrc =Ex x, [||E5(G(Ec(x1),ES(x2))) —Es(x2)||1] .
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These L; cycle consistency objectives are also applied to ¢, and
s1 as L and L in a similar way. In addition, we also employ
adversarial loss for a higher fidelity. Here, we use the LSGAN ob-
jective [MLX*17]:

© 2024 The Authors.
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L3 =Ex, 1, [0—D(G(Ee(x1),Es(x2)), Es(x2))]? o
+Ex, [1—D (x3,Es(x2))]?,

where D(-,) receives from an image and a style latent as input to
produce multi-scale patchGAN predictions. 0 and 1 are the matrix
of all 0-s or 1-s with the corresponding patchGAN output scale.

This adversarial objective also happens on x,; as E;‘é‘v.

3.3.3. Image Reconstruction

For a single image, we also want to ensure pixel-wise identical re-
construction after decomposing the input with E. and Es and then
reassemble them again with G. Here we shall use the previous sam-
pled image x| and x, from the dataset to achieve so:

Lite = Ex [||G (Ee(x1), Es(x1)) —x1l,] - ©)

We can also compute a similar loss L7a.. Note that we do not in-
volve adversarial learning for reconstruction.

3.3.4. Overall Objectives

We jointly train our model, including encoders, generators, and dis-
criminators, to optimize the following combined objectives:

Jmin_max Loo = (L3, + £3,) + Lo+ Al L
¢yl ( 5)

+ L3d) + he(L&ye + LG ) + As(Lye + L),

where Ax =3, Ay =3 and A, = 1 are loss multipliers.
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Methods Seen Unseen
FID. ISt FID| ISt
AdaIN 171.01 2.3554+0.109 166.41 2.544+0.117
FUNIT 150.11 2.789+0.117 152.51 2.80840.109
AdattN 159.63 2.464+0.089 152.18 2.648+0.117

CCPL 153.47 2.639+0.129 151.32 2.747+0.079
CAST 162.45 2.563+0.165 156.18 2.607+0.117
DNCM - - 163.80 2.847+0.152
MicroAST 162.37 2.622+0.089 158.06 2.68740.073
Ours 141.17 2.809+0.124 133.46 2.911+0.104

Table 1: Quantitative comparison on sticker style transfer.

4. Experiments and Discussions
4.1. Experimental Settings
4.1.1. Implementation Details

Our model is implemented based on PyTorch and trained on a
NVIDIA RTX 3090 GPU. In the training process, we used the
Adam optimizer [KA*15] with B; set to 0.5, B, set to 0.999, and
learning rate set to 0.0001. We selected a batch size of 8 to train our
model for 35 epochs.

4.1.2. Datasets

Our dataset comprises over 200 sticker sets sourced from the in-
ternet, each resized to a consistent 256 x 256 dimensions. We
construct two primary datasets for evaluation. Initially, we build
the unseen-style dataset by leaving 20 packs withheld from model
training. Subsequently, around 30% of the remaining sticker images
formed the seen-style dataset. To ensure the distribution alignment
of the seen-style dataset with the remaining 70% used for training
and validation, the data splitting occurred at the image level rather
than the pack level. We individually perform data augmentation on
the training, validation, and test dataset. In all, the training and val-
idation dataset contains 59,080 images, sharing the same distribu-
tion as the seen-style dataset of 3,692 images; while the unseen-
style dataset contains 1,380 images.

4.2. Evaluation and Comparison

We compare qualitatively and quantitatively with various state-
of-the-art approaches. We include the style transfer methods
AdaIN [HB17], AdaAttN [LLH*21], CCPL [WZDB22], CAST
[ZTD*22]. MicroAST [WZZ*23]. We also compare with the color
transfer method DNCM [KLZ*23] and the unsupervised image
translation method FUNIT [LHM*19] as our competitors. In this
evaluation, we mainly experiment with the style transfer tasks, as
it is the main use case of our proposed methodology. We achieve
this by extracting the latents from a pair of content and style images
and generating the stylized output through the generator. This eval-
uation is conducted on both the seen-style dataset and the unseen-
style dataset.

4.2.1. Qualitative Evaluation

We demonstrate the qualitative comparison results on Fig. 3. We
observe that DNCM may be successful in manipulating the rough

Methods MAE |
AdaIN 0.0962
FUNIT 0.0785

AdaAttN 0.0741
CCPL 0.0801
CAST 0.0652
DNCM -

MicroAST 0.0607
Ours 0.0548

Table 2: Quantitative comparison on the reconstruction of stickers
from the decomposed content and style latents.

color tint of the image, but they usually cannot achieve correct
color and shading compositions after color transfer (1st, 2nd, 3rd,
and 5th rows). AdalN achieves arbitrary style transfer by readjust-
ing channel-wise feature statistics. However, the Gram matrix used
to estimate feature correlation often produces stickers with mixed
styles. This leads to unclear content details and color bleeding (1st,
3rd, and 5th rows). Although FUNIT retains the structure of the
content image through consistency constraints, it cannot guaran-
tee a comprehensive style space to support a much larger number
of classes. In some cases, the style distribution may be difficult to
achieve noticeable style transfer (1st, 3rd, and 5th rows). AdaAttN
is limited to the internal style statistics of a single artistic image.
This may cause color distortions in the results (1st, 3rd, and 5th
rows). CCPL defines a relaxed constraint on local image patches.
Without global content consistency constraints, it may exhibit unre-
alistic color distributions (1st, 3rd, and 4th rows) and unnecessary
halos or artifacts around sticker edges (3rd and 4th rows). CAST
treats each image as an individual style, omitting style similarities
within a single sticker pack. This can lead to color distortions in
some cases (2nd and 3rd rows) and may cause disappearance of in-
ternal structure lines (3rd and 5th rows). MicroAST faces the same
problem of omitting style similarities within a single sticker pack,
which leads to unrealistic color distributions and distortions (1st,
3rd, and 5th rows).

4.2.2. Quantitative Evaluation

We also perform a quantitative evaluation on the style transfer task.
For both the seen-style dataset and the unseen-style dataset, we ran-
domly select 40 content images and 40 style images from different
sticker packs to form 1,600 style transfer outputs. We employ two
metrics: FID [HRU* 17] to estimate the distribution gap against real
sticker images and IS [SGZ"16] to estimate the overall quality of
style transfer. Note that for the color transfer model DNCM is not
learning-based and thus we skip its evaluation on seen style stick-
ers. In addition, we conduct a quantitative evaluation on the recon-
struction of stickers by generating a sticker back from its decom-
posed content and style latents without other modifications. For this
task, we select 1,000 images from the test dataset and calculate the
mean absolute error (MAE) between the original and reconstructed
images. We show the statistics in Table 1 and Table 2. Based on
the statistics, our method outperforms the other methods in all met-
rics in all datasets. We believe the superiority mainly comes from

© 2024 The Authors.
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Figure 4: Ablation study results on various loss functions.

Methods Realism 1 Style Obedience 1
AdaIN 0.437 1.378
FUNIT 5.567 3.647
AdattN 2.765 2.773
CCPL 2.647 3.744
CAST 2.206 3.609
DNCM 5.453 3.130

MicroAST 3.055 3.659
Ours 5.869 6.059

Table 3: User study statistics on style transfer.

our learning scheme of the latent style space, providing a thor-
ough understanding of sticker style semantics. Thus, we observe a
much lower FID than all existing methods. Furthermore, our condi-
tional GAN design also improved generation quality, resulting in a
higher margin of IS compared to all methods except FUNIT, which
also leverages another variant of the conditional GAN design. The
quantitative results on reconstruction also demonstrate the effec-
tiveness of our model in preserving both content and style seman-
tics.Additionally, because our method is GAN-based, it achieves
faster performance compared to diffusion-based methods.

4.2.3. User Study

We also conduct a user study to evaluate the style transfer perfor-
mance of our model from a subjective perspective. First, we eval-
uate the realism of the style transfer results. Specifically, we ran-
domly select 20 content-style pairs from our test dataset to create
20 different style transfer outputs with our method and the com-
petitors. Notably, participants are solely tasked with ranking the
realism, without access to the input images. The participants evalu-
ate the quality of results from eight different methods, presented in
arandomized sequence. The user-assigned rankings are then trans-
formed into scores ranging from 0 to 7, with higher scores denot-
ing superior outcomes. After that, we also evaluate the obedience
of the reference style by presenting another 20 style transfer re-
sults together with the input content and style images. The ranking
is conducted in a similar way. This user study involves 30 partici-
pants, and we present the average ratings in Table 3. According to
the statistics, our approach is the most favorable among our partic-
ipants.

© 2024 The Authors.
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W/o L. W/o model D  Model D w/o
style guidance model
Ablation Seen Unseen
FIDJ ISt FIDJ NG

W/o Ly 144.62 2.745+0.098 140.11 2.883+0.115
W/o Ly 146.08 2.866+0.187 148.87 3.063+0.154
W/0 Lrec 160.27 2.618+0.119 161.38 2.7061+0.061
W/omodel D 149.65 2.865+£0.098 14529 2.964+0.089

Table 4: Statistics of the ablation study on model design.

4.2.4. Ablation Study

We further conduct an ablation study by removing specific models
or loss terms. We illustrate the style transfer outputs with differ-
ent model designs in Fig. 4. When we disable cycle consistency
./:gyc on the content latent, the model fails to preserve the struc-
tural information in the output. Similarly, the absence of style latent
cycle consistency Ly leads to inconsistent shading. Notably, the
image reconstruction loss Lrec, commonly employed in image-to-
image translation methods, proves crucial in our context. Its omis-
sion causes the GAN model to hallucinate unexpected details and
textures that lack correspondence in the content image. The sig-
nificance of the contrastive loss L. is evident. Its absence results
in an unconstrained style space. This, in turn, leads to unsuccess-
ful decoupling in both content and style spaces, thus impeding style
transfer. Moreover, our style-guided discriminator model is of great
importance. Without it, the generator risks generating vibrant style
transfers, yielding disharmonious and subdued color palettes in the
output. The absence of style guidance in the style generator is also
notable. Without such guidance, the generator loses its ability to
faithfully adhere to style references, potentially leading to mode
collapse during style learning. We proceed with a quantitative eval-
uation of the ablation study, and the results are summarized in Ta-
ble 4. For brevity, we omit assessments related to contrastive style
encoding and the style-guided discriminator, as these models con-
verge into failure modes during the training process.

4.3. Applications
4.3.1. Sticker Sketch Coloring

Our approach can be extended to transfer the color palettes of stick-
ers to arbitrary sketch images without further training. We illustrate
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Interpolation between reference stylel and style2 based on the input content

Reference
style2

Figure 5: Sticker style interpolation. The leftmost images are the content, with their styles linearly interpolated between references.

Figure 6: Application on sticker sketch coloring.

our results in Fig. 6, where the sketch images are used as content
images. Our model shows decent generalization ability on these
out-of-distribution sketch images, where the reference color styles
are propagated with visual harmony and correspondence to the con-
tent images.

4.3.2. Sticker Style Interpolation

As stated above, contrastive learning enables a comprehensive uni-
form style space S. Interestingly, we observe good transitions in this
style space, enabling a continuous interpolation between different
sticker styles. We show two pairs of examples in Fig. 5, where the
style transfer is performed by gradually reweighting the interpola-
tion between a pair of style latents. This allows us to seamlessly
translate the style from one reference sticker to the other for better
adaptation and creativity.

4.4. Exploration of the Style Latents
4.4.1. Latent Space Visualization

In Fig. 7, we first explore the latent space learned by the style
encoder. We use t-SNE to visualize the latent style in a two-

Sticker packs

\ « OctoPaul
[ = Mister_clo
s - Captain_Ja
40+ ) + OwledDidi
- Cacti

- . . - Little_Ant

201 } e -~ “ - Beautyjudy
~ N s o = Muffin
+ WitchMorga
- EasterBear
- PepeVampir
@ . Little_Bea
« CowboyCact
- Dodger
-40- . = Shark
- MrSeal
' L] - Genieous

\ - Bear_Oslo

~

%

60+

—60 -0 20 0 20 40 60

Figure 7: 2-D representation of the style latent using t-SNE for
200 sticker packs. Stickers from the same pack are represented by
the same color. Similar packs, measured by cosine similarity, are
positioned closer together. Note that only a subset of the sticker
categories is listed in the legend due to space limitations.

dimensional space. It can be seen that stickers from the same
pack are grouped together in the style latent space. This demon-
strates that our contrastive learning approach can effectively learn
the stylistic features of different sticker packs, mapping stickers of
similar styles to nearby regions. The smooth, continuous manifold
structure of the latent space indicates that the encoder successfully
captures meaningful style representations. This enables the inter-
polation and generation of new sticker styles within the space. It
is worth noting that as we optimize the style latent space with the
cosine-based metric. Thus, the polar coordinate is more represen-
tative of the visual styles than the Euclidean distances in this 2D
space.

4.4.2. Random Style Sampling

To further evaluate the effectiveness of our approach, we evaluate
whether the contrastive learning manages to support a comprehen-
sive style latent space, where most of the space should be able to
render visually pleasant stickers. To do so, we draw random style
latents with Gaussian sampling with the mean and variance com-
puted from all stickers across 200 packs in our training set. Even
though the learned latents are not strictly following a Gaussian dis-
tribution, this visualization may still be able to reveal the internals

© 2024 The Authors.
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content

The results from random sampling of the style latent based on the all sticker packs.

Figure 8: Random sticker generation from a given content image. The styles are sampled from an estimated gaussian distribution of all

sticker pack styles.

G2

Input Reference Random
content sticker pack style

lo 0.5¢ 0.20 0.1c

Figure 9: Random sticker generation from a given content image. The styles are sampled from an estimated gaussian distribution of one

sticker pack styles.

of the style latent space. As shown in Fig. 8, random styles will also
lead to visually pleasant outputs, further proving the effectiveness
of contrastive learning of the style encoder.

4.4.3. Within-Set Style Sampling

We also perform the same task within a specific sticker set, that
is, to sample a random sticker from the Gaussian sampling with
statistics within a single sticker set. To evaluate whether the visual
styles are stable around a specific sticker set, we also perform the
truncation trick [KLA*20] with different cutoff thresholds on the
random style latent to investigate the variations in the generated vi-
sual styles. As shown in Fig. 9, the learned styles are mostly stable,
indicating good localities of our learned latents targeting a specific
sticker style.

4.5. Limitation

Our method achieves satisfactory results when reference images
exhibits practical color palettes and shading styles, even if they de-
viate from the existing dataset, due to the encoder’s generalization.
However, for styles significantly outside the expected distribution
(e.g., overly saturated colors, shading-free sketches), our results

© 2024 The Authors.
Proceedings published by Eurographics - The European Association for Computer Graphics.

Content Style Result

Figure 10: Failure cases occurred when the style images had overly
saturated colors, or when shading-free sketches were used as the
content image.
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may suffer from poor texture integration or reduced style fidelity.
The generalization may also break when the content contains no
grayscale information. Suppose the content image is lacking gradi-
ents (e.g., containing solid black or white blobs); it may be difficult
for our generator to propagate the target style palette to the input.
This is due to the lack of relevant data in our dataset, which lim-
its the ability to encode such styles with our style encoder. In the
future, we may discover the potential to solve this problem by intro-
ducing more data in our training, as well as studying an advanced
mechanism in better decoupling the content and styles.

5. Conclusion

In this work, we propose a novel framework for sticker style editing
and translation. We utilize a continuous manifold to encapsulate all
styles across sticker packs, encoding the styles into a uniform latent
space. Identical style latents within the same sticker pack, while
distinct styles diverge. We construct a simple and effective con-
trastive supervision that minimizes the distance of the style latent
of the same sticker pack and maximizes the distance of the style la-
tent of different sticker packs. Extensive experimental results show
that our proposed method has superior style transfer results com-
pared to state-of-the-art methods. In the future, we hope to extend
our method to other visual tasks.
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