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Figure 1: Given a set of icons as style reference, IconDM can generate high-quality icons with consistent style features from

textual descriptions, thereby expanding the initial icon set.

ABSTRACT

Icons are ubiquitous visual elements in graphic design. However,
their creation is non-trivial and time-consuming. To this end, we
draw inspiration from the booming text-to-image field and propose
Text-Guided Icon Set Expansion, a task that allows users to create
novel and style-preserving icons using textual descriptions and a
few handmade icons as style reference. Despite its usefulness, this
task poses two unique challenges. (i) Abstract Concept Visualiza-
tion. Abstract concepts like technology and health are frequently en-
countered in icon creation, but their visualization requires a mental
grounding process that connects them to physical and easy-to-draw
concepts. (ii) Fine-grained Style Transfer. Unlike ordinary images,
icons exhibit far richer fine-grained stylistic elements, including
tones, line widths, shapes, shadow effects, etc, setting a higher
demand on capturing and preserving them during generation.

To address the challenges, we propose IconDM, a method based
on pre-trained text-to-image (T2I) diffusion models. It involves a
one-shot domain adaptation process and an online style transfer
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process. The domain adaptation aims to improve the pre-trained
T2I model in understanding abstract concepts by finetuning on
high-quality icon-text pairs. To achieve so, we construct IconBank,
a large-scale dataset of 2.3 million icon-text pairs, where the texts
are generated by the state-of-the-art vision-language model from
icons. In style transfer, we introduce a Style Enhancement Mod-
ule into the T2I model. It explicitly extracts the fine-grained style
features from the given reference icons, and is jointly optimized
with the T2I model during DreamBooth tuning. To assess IconDM,
we present IconBench, a structured suite with 30 icon sets and 100
concepts (including 50 abstract concepts) for generation. Quanti-
tative results, qualitative analysis, and extensive ablation studies
demonstrate the effectiveness of IconDM.

CCS CONCEPTS

« Computing methodologies — Computer vision tasks.

KEYWORDS

icon generation, text-to-image, denoising diffusion models, style
transfer

1 INTRODUCTION

We live in a world full of graphic design. Icons, the visual symbols
encompassing a variety of styles and connotations, are widely used
in graphic design of different contexts, such as branding, user in-
terfaces, and way-finding systems. Compared to lengthy text, they
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not only offer a more engaging visual representation, but also help
users comprehend complex information in a more intuitive and
effective manner. Additionally, icons have the ability to transcend
language barriers, making them universally understood symbols.

The creation of icons, however, involves careful consideration
of their visual appearance and expressiveness, making it a non-
trivial and time-consuming task for human designers. Specifically,
a well-designed icon should be expressive and easy to recognize,
conveying its meaning at a glance. While this requirement can be
met relatively easily for icons delivering concrete, physical concepts
like calendar, it becomes challenging for those abstract and intricate
concepts, such as technology, system, and education, as it requires a
mental grounding process that connects these concepts to physical
objects. For instance, education icons are typically visualized by an
open book. Furthermore, to achieve visual harmony and enhance
user experience, icons within a graphic design are expected to
follow a particular design style and share common stylistic elements,
including tones, line widths, shapes, shadow effects, etc (see the
style reference in Figure 1). But unfortunately, it can be laborious to
ensure style consistency, especially for large icon sets. Thus, such
requirements bring a huge workload to human designers.

To ease the burdens of designers, we draw inspiration from the
booming text-to-image field [4, 37, 41-43, 46, 55] and introduce
a novel task, called Text-Guided Icon Set Expansion. Given a few
handmade icons as style reference, the task aims to synthesize novel
and stylized icons based on textual descriptions (see Figure 1). In
this way, users can build a large set of style-coherent icons easily,
without the tedious style-preserving creation process and the tough
mental grounding process for abstract concepts.

While Text-Guided Icon Set Expansion closely relates to the
booming fields of text-to-image and style transfer [9, 12, 37, 43, 45,
50], we find existing methods fall short in the task, primarily due
to the following two reasons. (i) Abstract Concept Visualization. As
mentioned earlier, abstract concepts are frequently encountered in
icon creation. Although state-of-the-art text-to-image (T2I) diffu-
sion models [37, 43] have achieved impressive results in generating
high-quality images from text, they still struggle to ground abstract
concepts to proper physical objects and render them in an icon-like
style (see Figure 5). This is potentially caused by the lack of high-
quality icon-text paired data in the training corpus of prevalent T2I
models [47, 48]. (ii) Fine-Grained Style Transfer. Unlike ordinary im-
age styles, icon styles contain extremely rich fine-grained stylistic
elements, such as shapes, colors, shadows, as shown in Figure 1. As
a result, transferring icon style is much more challenging. While
previous approaches [9, 12, 45, 50] have successfully synthesized
novel images that follow user-provided styles, directly applying
them to icons leads to poor style preservation, especially for those
fine-grained stylistic elements, as we will show in Section 4.

In this paper, we propose IconDM, a method based on pre-trained
T2I diffusion models for Text-Guided Icon Set Expansion (see Fig-
ure 2). IconDM involves a one-shot domain adaptation process and
an online style transfer process. In domain adaptation, IconDM aims
to improve the base T2I model to understand abstract concepts and
generate icon-like images. To achieve this, we construct IconBank, a
large-scale dataset consisting of 2.3 million icon-text pairs crawled
from the Internet, and finetune the pre-trained T2I model on it.
Since icons from the Internet are only paired with a few concise
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keywords, and directly using such data to finetune the T2I model
may affect performance [1, 6], we utilize a state-of-the-art vision-
language model (LLaVA [27]) to generate detailed descriptions for
icons and finetune the model with a proper mix of concise keywords
and detailed descriptions. In style transfer, IconDM takes a icon set
with a few handmade, style-consistent icons as input and learns to
synthesize novel while style-preserving icons. Here, we adopt the
state-of-the-art personalization method DreamBooth [45] with Low-
Rank adaptation (LoRA) [18]. While DreamBooth tuning is capable
of grasping some coarse-grained stylistic elements from reference,
it struggles to capture those fine-grained ones, partly because it
does not have an explicit modeling of reference icons [60]. To ad-
dress this limitation and better capture the fine-grained stylistic
elements, we introduce a light-weight Style Enhancement Module
(SEM) into the T2I model. It explicitly extracts style features from
the reference icons, and is jointly optimized with the T2I model
during DreamBooth tuning.

To evaluate IconDM, we introduce IconBench, a structured suite
consisting of 30 diverse icon sets and 100 concepts for generation
(50 of them are abstract concepts). We implement IconDM on the ba-
sis of Stable Diffusion XL [37]. Both the qualitative and quantitative
results on IconBench show that IconDM outperforms existing text-
guided style transfer methods in generating faithful, aesthetic and
style-preserving icons. Extensive ablation studies also demonstrate
the effectiveness of the domain adaptation process in improving
abstract concept visualization and the Style Enhancement Module
in boosting style preservation, especially for fine-grained stylis-
tic elements. Furthermore, we also show that IconDM seamlessly
works with ControlNet [59] to offer more controllability.

In summary, our contributions are as follows:

e We introduce Text-guided Icon Set Expansion, a novel task
that allows users to expand icon sets using text prompts and
a few reference icons, streamlining the design process.

e We present IconDM, a method based on the pre-trained T2I
diffusion model. It leverages a domain adaptation process
and a style transfer process with a light-weight Style En-
hancement Module to tackle the challenging task.

e We construct IconBank, a large-scale dataset consisting of 2.3
million icon-text pairs from the Internet, and introduce Icon-
Bench, a structured test suite including 30 icon sets and 100
concepts for method evaluation.

2 RELATED WORK

Text-to-Image Generation. The recent success of diffusion de-
noising probabilistic models (DDPMs) [14] has brought new life
to the field of text-to-image generation. Different from their GAN
counterparts [2, 8, 10, 33, 40], DDPMs use a denoising U-Net [44]
to gradually remove noise and obtain clean images from Gaussian
noise. Thanks to the effective model architecture and large-scale (im-
age, text) datasets [47, 48], current T2I models [4, 35, 37, 41, 43, 46]
can generate fairly high-quality images based on text prompts.
In addition to text-to-image, DDPMs have also been applied to
other computer vision tasks and achieved impressive results, such
as image editing [11, 22, 57], inpainting [25, 29], video genera-
tion [13, 16, 30], 3D shape rendering [26, 45] and so on. Notably,
although these T2I models are good at synthesizing open-domain
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label: 5G
description: A 5G signal source with a
blue circle and white 5G lettering.
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(b) Style Transfer

Figure 2: An overview of the proposed IconDM. In domain adaptation, we leverage IconBank to finetune the full parameters of
U-Net. The weights then serve as initialization for the style transfer process. To better achieve style preservation, we introduce
a Style Enhancement Module (SEM) in style transfer, explicitly injecting the style features g of reference icons xyj into the
model. After the two processes, IconDM can generate visually appealing, faithful and style-preserving icons x( based on the

style reference icons xgyl. and the text prompt c.

images, they still have difficulty generating images in specific do-
mains, such as icons. To overcome this limitation, in this work,
we construct a large-scale icon-text dataset, named IconBank, and
finetune the pre-trained T2I models on it for icon generation.
Text-Guided Style Transfer. Stylized image generation from
text guidance has been widely studied, especially on T2I diffu-
sion models [5, 9, 12, 34, 45, 50, 54, 60]. Existing methods can be
grouped into 3 categories: (i) optimization-based [9, 24, 45, 50, 60];
(ii) optimization-free [5, 34, 38, 54]; and (iii) training-free [12, 53].
In particular, (i) optimization-based approaches finetune the model
on a few reference images containing the target style. For example,
Textual Inversion [9] optimizes the embedding of special tokens
bound to the style while keeping all other parameters fixed. Dream-
Booth [45] instead finetunes all the weights of U-Net [44], and it ad-
ditionally introduces a prior preservation loss to avoid catastrophic
forgetting of acquired knowledge. Some parameter-efficient fine-
tuning techniques [17, 18] are adopted, seeking a trade-off between
performance and computation resource. (ii) Optimization-free ap-
proaches [5, 34, 54], on the other hand, finetune a T2I model on
large-scale stylized images such as WikiArt [20] for real-time styl-
ized text-to-image generation. Due to the lack of pairwise (reference
image, sample) data, they have to use the sample itself (or a cropped
patch) as the reference image, potentially causing content leakage.
To resolve this, the recent DEADIff [38] builds two paired datasets,
and it proposes a content-style decouple mechanism and a non-
reconstructive learning method for real-time style transfer. (iii)
There are also training-free approaches that accomplish stylized im-
age generation without any parameters tuning in offline or online.
StyleAligned [12] introduces an attention-sharing operation with
AdalN [19] modulation during the diffusion process to maintain
style consistency with the first image in the batch. InstantStyle [53]
proposes to inject reference image features into style-specific blocks
in U-Net so as to achieve effective style transfer without the need of

weight tuning. In our initial attempts, we found that optimization-
based methods produce the highest quality icons, which drives us
to design IconDM. To overcome existing methods’ shortcomings
in capturing fine-grained stylistic elements, we introduce a Style
Enhancement Module (SEM) into the T2I model for explicit style
feature modeling. In this way, the icons generated by IconDM have
a more consistent style than the baselines.

Icon Generation. Icon Generation is an emerging topic in com-
puter vision. Previous methods [32, 36, 58] typically utilize GANs
to generate icons that satisfy specific class conditions. For example,
Yang et al. [58] employ StyleGAN [21] to generate icons from 8
pre-defined categories, including weather, emotion, clothes and
so on. They incorporate a self-attention mechanism and spectral
normalization operation to enhance the quality and diversity of
the generated icons. Chen et al. [7] propose IconGAN with dual
discriminators to achieve icon generation conditioned on both app
and theme labels. IconShop [56] adopts autoregressive Transform-
ers [52] to synthesize scalable icons from texts, further improving
practicality and flexibility. However, they suffer from the following
shortcomings. First, previous approaches only consider semantic
conditions and do not provide style control over the generated icons,
thereby lacking the capabilities of producing icons in a desired style.
Second, the work primarily focuses on concrete, physical concepts
but does not delve into the generative capabilities of abstract con-
cepts. In this paper, we present IconDM that for the first time allows
users to generate new icons of either concrete or abstract concepts
and control their styles to be consistent with reference icons.

3 ICONDM

In this section, we elaborate on IconDM for Text-Guided Icon Set Ex-
pansion. It is an optimization-based method built upon pre-trained
T2I diffusion models. IconDM involves a domain adaptation and a
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style transfer process (see Figure 2). Domain adaptation aims to im-
prove the pre-trained T2I model in understanding abstract concepts
and generating images in an icon-like style. To achieve so, we con-
struct IconBank, a large-scale icon-text dataset, and perform exten-
sive text revision with the state-of-the-art vision-language model. In
style transfer, IconDM takes as input a few handmade icons for ref-
erence, and learns to synthesize novel while style-preserving icons
using DreamBooth-LoRA [18, 45]. To better capture fine-grained
stylistic elements in reference, we introduce a light-weight Style
Enhancement Module into the T2I model.

In what follows, we first introduce the background of T2I dif-
fusion models and then present the domain adaptation and style
transfer process, respectively.

3.1 Preliminary

Diffusion denoising probabilistic models (DDPMs) are a class of
generative models that have gained significant attention in recent
years due to their ability to generate high-quality images. Given
an input image xo, their forward diffusion process gradually adds
noise to the image to create a series of noisy images x1, x2, ..., XT,
where T is the total number of steps in the diffusion process. The
noisy image x; at each time step t can be represented as a linear
combination of the clean image x¢ and Gaussian noise € ~ N (0,I):

Xt = \/O_Z_[X'() + V1 — ae. (l)

Here, a; = Hf:l a;. And {at}tT:1 denotes a pre-defined variance
schedule, which guarantees that ar =~ 0, so that the images xg
will be diffused to a standard Gaussian noise xy ~ N(0,1). In the
reverse process, DDPMs are trained to progressively denoise the
noisy image x; and obtain a cleaner image x;_1 :

Xt—1 €g(xz, t,¢)) + o€, (2)

1 1- ay
= (o — et
Var Vi-a;
where € is a denoising neural network parameterized by 6, c is the
condition for image generation and o; reflects the noise intensity at
time step ¢. In the implementation, €y typically adopts a U-Net [44]
architecture. According to Equation 2, DDPMs can create new im-
ages from a random noise x7 after T iterations. With x; known as
in Equation 1, the training objective of diffusion models is to mini-
mize the L2 distance between the predicted noise €g(xy, t, ¢) and its
ground truth e. For stable training, the loss function is expressed
as the following simplified formulation [14, 15]:
L3 =By iryenon [leonto —elf]. ()
Although DDPMs can synthesize high-fidelity images, their for-
ward and reverse process both occur directly in pixel space, which
can be computationally expansive during training and inference. To
address this issue, latent diffusion models (LDMs) propose to diffuse
and denoise in latent space. Specifically, they leverage a pre-trained
variational auto-encoder (VAE) [23] to map an image x to a low-
dimensional latent vector z using an encoder genc, i€, Z = Penc(x),
and map it back using a decoder ¢ge.. Then, the forward process,
reverse process and loss function can all be represented in a similar
way to pixel space. For example, the loss function in latent space is:

impl
L =By 1 enon) [leo(ze te) —€ll3] . (4)
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Figure 3: Some samples from IconBank.

# icons ‘ # sets ‘ # icons per set ‘ Avg. Liabel ‘ Avg. Lgesc

2,383,832 | 51,350 | 46.42 | 127 | 1021

Table 1: The statistics of IconBank. Avg. L,.] represents the
average word length of icon labels. Avg. L. represents the
average word length of icon descriptions.

3.2 Domain Adaptation

The purpose of domain adaptation is to finetune the T2I model for
the icon domain, boosting its capability of understanding abstract
concepts and generating images in an icon-like style. To accomplish
this goal, we construct a large-scale icon-text dataset.

IconBank. As a dataset for domain adaptation, IconBank should
meet the following two requirements. (i) Diversity. IconBank should
contain icons in a wide variety of styles and also cover a wide range
of concepts, from concrete, physical concepts to abstract, intricate
concepts. (ii) High-Quality Textual Description. As highlighted in
prior work [1, 6, 49], the quality of textual descriptions can largely
impact the model performance.

To this end, we collect icons from Flaticon?!, one of the largest
free online databases of manually designed icons. Icons in Flaticon
are organized into sets, where the icons in a specific set share the
same style. In addition, each icon in Flaticon is paired with a few
concise textual labels, typically indicating its concept (see Figure 3).
However, such concise labels or keywords may bring additional
learning difficulty for T2I models, especially for abstract concepts.
Hence, we follow the practice of previous work [6], and adopt the
state-of-the-art vision-language model (LLaVA [27]) to generate
detailed textual descriptions for icons. Empirically, we find that the
instruction “Please describe the icon in one sentence, the more detailed
the better.” can produce satisfactory results for LLaVA. An example
of the generated icon description is shown in Figure 2a. Table 1 lists
the statistics of the constructed IconBank. It contains 2.3 million
icons from 51k sets and each icon is paired with a concise label and
a detailed description. More examples and detailed procedures to
construct the dataset are available in the supplementary materials.
Training. We finetune the T2I diffusion model on IconBank with
Equation 4. To support icon generation from either a concise label
or a detailed description, we sample the text prompt c for an icon
from its label and description with equal probability.

3.3 Style Transfer

In style transfer, IconDM is given an initial set of icons X and
learns to synthesize novel icons that share the same style with
those in X, including some fine-grained stylistic elements such as
shapes, lines, 3D structure, shadows, etc. To meet this challenging
requirement, the key insight of IconDM is to add explicit style

!https://www.flaticon.com/
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guidance during model training and inference. This is achieved by
a carefully designed Style Enhancement Module (SEM).

Style Enhancement Module. SEM uses a lightweight style con-
volutional layer to extract style features of reference icons and
injects them into the denoising process of T2I model (see Figure 2b).
Specifically, SEM takes as input M icons {x;tyle }f\i , as style refer-
ence from the initial icon set X and uses a VAE encoder to map
them into the latent space:

Y' = Penc (x;tyle)’ (5
i
style”
latent vectors {y* }i\i , are aggregated, fused with the sample’s latent
vector z; at time step ¢, and feeded into the U-Net for denoising:

where y denotes the latent vector of x Then, these resulting

fi = conv_in(z;),

M
g= ﬁ ; style_conv_in(yi), 6)
ht = fy + Ag.

Here, conv_in represents the original input convolutional layer of
U-Net. style_conv_in is the aforementioned trainable style con-
volutional layer, which has the same parameter shapes as conv_in.
A is a hyper-parameter that controls the style strength. When A = 0,
the model degenerates into a vanilla T2I model without additional
style guidance. Finally, we obtain the fused feature h; and feed it
into U-Net for denoising. Since h; contains style features, IconDM
can explicitly take advantage of it to capture fine-grained style
characteristics of reference icons during training and inference,
and then generate new icons that are more consistent with the tar-
get style. For training stability, the added style_conv_in adopts
a zero-initialization strategy [59], ensuring that its output is 0 at
the beginning of training. This strategy helps prevent too drastic
distribution shifts in the generation space.

Training and Inference. We employ the LoRA [18] variant of
DreamBooth [45] to finetune the domain-adapted T2I model and
the SEM module for style transfer. In each iteration, we sample
a batch of training icons from X and pair each of them with M
reference icons. Note that the reference icons for each sample are
guaranteed to exclude the training sample itself. In inference, given
a text prompt, we sample M reference icons from X and perform
the denoising process to obtain a stylized icon.

4 EXPERIMENTS

4.1 Experimental Setting

Implementation Details. We adopt the state-of-the-art Stable
Diffusion XL (SDXL) as our base text-to-image model. (i) In domain
adaptation, we tune the full parameters of its U-Net [44] while
keeping the parameters of the text encoder and VAE fixed, since
they contribute little to domain adaptation. We conduct training on
A100-80G GPUs with a batch size of 4, and employ AdamW [28]
to optimize for about 500K iterations with a learning rate of 1e-5.
Notably, domain adaptation is only performed once and does not
require further adaptation to a specific icon set. (ii) In style transfer,
the parameters of U-Net are first initialized from the resulting
model of domain adaptation. Since we use the LoRA variant of
DreamBooth, the model can be trained on a single 16G V100 GPU

ACM MM, 2024, Melbourne, Australia

with a batch size of 2 and a learning rate of 1e-4. We empirically
find that 5,000 steps are sufficient to attain remarkable style transfer
performance. As for hyper-parameters, the rank number of LoRA
is set to 4, the number of style reference icons that are used in SEM
is M = 3, and style strength is A = 1.0. The icon resolution is set
to 512 X 512. At inference, we adopt DDIM [51] sampler with 50
steps. For both domain adaptation and style transfer, we refer to
the public Diffusers implementation?. In addition, we empirically
find that the preservation loss in DreamBooth leads to unstable
training, and hence, we disable it in our implementation.
IconBench. To evaluate the effectiveness of IconDM on Text-
Guided Icon Set Expansion, we introduce a structured evaluation
suite called IconBench. In particular, we randomly collect another
30 icon sets from Flaticon, which do not overlap with the icon
sets in IconBank. With the help of ChatGPT, we collect 100 test
concepts, including 50 concrete concepts and 50 abstract concepts.
Please refer to the supplementary materials for the complete list of
concepts. For each style and each concept, we generate 4 different
icons, resulting in a total of 30X 100 x4 = 12000 icons for evaluation.
Evaluation Metrics. We evaluate the generated results from two
perspectives, namely text fidelity and style consistency. In terms of
text fidelity, we measure it by the CLIP [39] cosine similarity be-
tween the generated icons and text prompts. For a fair comparison,
all methods use the same text prompt “A flat icon of the concept {}” to
compute CLIP text embeddings. To better understand the model’s
capability of visualizing abstract concepts, the CLIP score is further
divided into CLIP (Concrete) and CLIP (Abstract), which are com-
puted on concrete concepts and abstract concepts, respectively. As
for style consistency, we leverage the DINO [3] score to evaluate
it [12]. For each icon set, we calculate the average cosine similarity
between DINO embeddings of the generated and reference icons.
The calculations are again averaged over the 30 test icon sets. We
do not use CLIP image embedding to measure style consistency
since it focuses more on semantic-level features.

Compared Baselines. We compare IconDM against training-free,
optimization-free and optimization-based approaches, respectively.
Concretely, we choose StyleAligned [12] and InstantStyle [53]
as the training-free baselines. We choose DEADIfT [38] as our
optimization-free baseline. Since optimization-based approaches
are typically better at capturing fine-grained stylistic elements,
we mainly compare against them, including Textual Inversion [9],
DreamBooth [45], Custom Diffusion [24] and StyleDrop [50]. For
StyleDrop, we use an unofficial implementation3, since it is not
open-source yet. For all other baselines except DEADIff (only has
the SD-1.5 version), we adopt their SDXL version models for a fair
comparison.

4.2 Main Results

Qualitative Results. Due to the space limitation, we only select
the best qualitative results from each category of approaches for
qualitative comparison (see Figure 4)*. The results indicate that (i)
IconDM can visualize abstract concepts in a meaningful manner.
For example, it uses a chip to represent technology and a bulb to

Zhttps://github.com/huggingface/diffusers/
3https://github.com/aim-uofa/StyleDrop-PyTorch
“Please refer to the supplementary materials for a more comprehensive comparison
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Figure 4: Qualitative comparison between IconDM and other baselines. Please note that the gray borders around these icons are
not generated by the models but are added later for a better visual experience.

represent inspiration, allowing users to understand the underlying ensures that the overall style of the generated icons is consistent
abstract concepts in an instant. (2) IconDM is proficient in fine- with the reference ones, as evidenced by the 5th row. (3) Our ap-
grained style transfer including color (the calendar color in the 1st proach can generate visually attractive icons. These three aspects
row, color gradient in the 4th row), shape (round border in the 2nd of advantages allow IconDM to successfully address the aforemen-
row), line (line width in the 4th row), 3D effect (shadow in the 6th tioned challenges and achieve Text-Guided Icon Set Expansion.
row) and even anthropomorphic effect (eyes in the 3rd row). In However, the baseline methods all produce unsatisfactory results.
addition to these fine-grained stylistic elements, our approach also Both the training-free method InstantStyle and optimization-free
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Methods | CLIP (Concrete) | CLIP (Abstract) | DINO Methods | CLIP (Concrete) | CLIP (Abstract) | DINO
StyleAligned 29.14 27.71 49.89 Ours (A =1.0,M =3) | 32.03 \ 29.07 | 54.26
InstantStyle 31.94 28.01 45.65 w/o DA ‘ 31.24 ‘ 28.51 ‘ 54.12
DEADiff | 31.29 | 2845 | 4233 A= 0.0 (w/o SEM) 31.79 28.91 53.57
Textual Inversion 31.01 25.91 30.22 A=05 31.93 29.02 54.11
DreamBooth LoRA 31.58 28.53 52.10 A=20 31.96 29.09 54.68
Custom Diffusion 31.98 28.59 51.59 M=1 ‘ 32.00 ‘ 29.01 ‘ 5424
StyleDrop 26.27 26.05 39.50
5 | 32,03 | 5907 5426 init. from conv_in | 31.31 \ 28.71 | 54.06
urs . . .

Table 2: Quantitative results of each method on Text-Guided Table 3: Ablation studies of IconDM.

Icon Set Expansion. These methods are divided into 4 parts,

which are training-free, optimization-free, optimization- e ref. - o e ref - o

based approaches and our proposed IconDM from top to e . A g -

bottom of the table. (.

». - P

badge protection
1 S

system emotion

w/DA

Figure 5: Qualitative comparison to demonstrate the effec-
tiveness of domain adaptation (DA).

method DEADIfT fail in fine-grained style transfer, and the icons
they generate are of poor quality. Although DreamBooth-LoRA
creates relatively higher-quality icons, it cannot solve the two chal-
lenges. First, it fails to generate some abstract concepts, such as
progress in the 3rd row. Second, its capability of preserving fine-
grained stylistic elements is limited. For instance, it fails to generate
icons with a round border in the 2nd row.

Quantitative Results. Table 2 shows the quantitative results.
From the results, we have the following observations. First, the CLIP
(Abstract) score of all methods is lower than the CLIP (Concrete)
score, which indicates that abstract concepts are more difficult
to render, and their visualization is indeed a challenge in icon
generation. Second, the results show that IconDM outperforms all
baselines on all quantitative metrics, further proving that IconDM
can generate high-quality icons that are faithful to the text prompts
and are consistent with the styles of reference icons.

4.3 Ablation Studies

Effect of Domain Adaptation. Domain adaptation is a crucial
process in IconDM. To investigate its effect, we conduct another
experiment to directly perform style transfer on SDXL without
domain adaptation (denoted as w/o DA). The quantitative metrics
are shown in Table 3. From the results, IconDM achieves better
CLIP (Concrete) and CLIP (Abstract) scores, which proves that the
model gains better visualization capabilities for both concrete and

security Jjustice
Figure 6: Qualitative comparison to demonstrate the effec-
tiveness of Style Enhancement Module (SEM).

abstract concepts by training on the large-scale icon dataset. In ad-
dition, we qualitatively compare the icon generation performance
of SDXL before and after domain adaptation (see Figure 5). The
results indicate that (1) the icons generated by SDXL are sometimes
not faithful to the textual descriptions. For example, it produces a
high-definition face based on the text prompt "emotion", which is
slightly off-topic, since the emotion represents the facial expression
rather than the face itself. On the contrary, the icon generated by
SDXL w/ DA skips the details of the face and highlights the facial
expression, making it more aligned with the text prompt. (2) SDXL
struggles to render abstract concepts in a meaningful manner. For
instance, when the prompt "protection” is input into SDXL, it gen-
erates a poor quality icon with unrecognizable content. However,
after domain adaptation, its variant SDXL w/ DA successfully visu-
alizes the concept through a shield, allowing users to immediately
understand the underlying concept. To sum up, both quantitative
and qualitative results demonstrate the effectiveness of domain
adaptation in icon generation. It not only provides the model with
the capability to visualize abstract concepts, but also improves the
fidelity between the generated icons and the input prompts.

Effect of Style Enhancement Module. Style Enhance Module
(SEM) is introduced in the style transfer process to help the model
better capture fine-grained style features. To study its effect, we
disable SEM (by setting A = 0, denoted as w/o SEM), degenerat-
ing the personalization method into ordinary DreamBooth-LoRA.
This results in a drop in the DINO score, demonstrating that the
style consistency between the generated icons and style reference
icons is compromised without SEM. Additionally, we also show
the qualitative results in Figure 6. Compared to IconDM, the w/o
SEM variant lacks the capability to generate fine-grained styles. For
example, in the 1st case of Figure 6, the variant does not capture
the shape characteristics of the reference icons and fails to produce
an icon with a round border. In the 2nd case, the variant ignores

755
756
757
758
759
760
761
762
763
764
765
766
767
768
769

770

789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809
810
811

812



813
814
815
816
817
818
819
820
821
822
823
824
825
826
827
828
829
830
831
832
833
834
835
836
837
838
839
840
841
842
843
844
845
846
847
848
849
850
851
852
853
854
855
856
857
858
859
860
861
862
863
864
865
866
867
868
869
870

ACM MM, 2024, Melbourne, Australia

style_conv_in
output

style_conv_in

icon image output

.
o .
e o o
° .

.

Figure 7: Feature visualization of the style convolutional

layer and input convolutional layer.
style reference . .

| 43

conv_in output icon image conv_in output

canny

Figure 8: With the support of ControlNet, IconDM can per-
form icon set expansion from canny images.

the anthropomorphic eyes in the reference icons, leading to subop-
timal style transfer performance. However, our IconDM can better
preserve these fine-grained stylistic elements in generated icons. In
summary, SEM is an effective module in icon style transfer. Finally,
we investigate the effect of the hyper-parameter A in SEM. As A
increases (from 0.0 to 2.0), the DINO score gradually gets improved
(from 53.57 to 54.68). This shows that SEM does play a positive role
in icon style transfer and preservation.

Effect of Number of Reference Icons. SEM in our approach can
support any number of icons as style reference. To study the effect
of the number, we use only 1 reference icon during training and
inference of style transfer. From the quantitative results shown in
Table 3, we find that the number of reference icons has little effect
on the metrics. This also displays the excellent robustness of SEM.
Effect of Initialization Strategy. Since the style convolutional
layer style_conv_in in SEM has the same parameter shape as the
input convolutional layer conv_in of U-Net, we use the parameter
of conv_in to initialize style_conv_in and investigate the effect
of initialization strategy. The results are shown in Table 3. This
non-zero initialization strategy harms all three quantitative metrics.
We speculate this is because the non-zero initial hidden states of

Anonymous Authors

w/ LLMs

style reference  w/o LLMs w/ LLMs

200

freedom  freedom: A bird flapping target target: A soccer ball
wings and flying. 9 entering a goal net.

style reference  w/o LLMs

Figure 9: IconDM is integrated with LLMs to generate icons.

style_conv_in disrupt the feature space of the model, resulting in
unstable training and affecting performance.

4.4 Feature Visualization

Thanks to the fact that the output of the convolutional layer does not
destroy the spatial correspondence of the input image, we visualize
the output features of the two convolutional layers involved in SEM,
and provide a qualitative explanation for its effectiveness. To be
more specific, we visualize the two output features at the last step
in the reverse process (i.e. t = 0, near clean images), and the results
are shown in Figure 7. We observe that the style convolution layer
style_conv_in has significant output values on fine-grained stylistic
elements, such as the 3D effect in case 1 and the shadow in case 2. In
contrast, the output values of the input convolutional layer conv_in
are average over the entire icons. This indicates that the added
layer does pay more attention to the icon style, which qualitatively
explains why our IconDM can achieve better fine-grained style
transfer and preservation.

4.5 More Applications

Combined with LLMs. Given a concept label, we can prompt the
pre-trained large language model (LLM) to generate a detailed de-
scription, and IconDM is capable of generating faithful and stylized
icons accordingly (see Figure 9). In this way, IconDM can generate
icons with more diverse content and richer details.

Combined with ControlNet. Our model can work seamlessly
with ControlNet [59] to expand the icon set based on canny images.
This is practical since designers sometimes not only need to ensure
the semantic correctness of the generated icons, but also need to
control the exact content of the icons. We show some generative
icons in Figure 8. They are of remarkable quality while being stylis-
tically consistent with the reference icons and faithful to the canny
images. More qualitative results for other conditions can be found
in the supplementary materials.

5 CONCLUSION

In this work, we propose a new task named Text-Guided Icon Set
Expansion, aiming to help designers create new icons with con-
trolled styles. To tackle this challenging task, we propose IconDM,
decomposing it into two processes, i.e., domain adaptation and style
transfer. The evaluation on IconBench demonstrates the effective-
ness of our approach. Note that with the support of vectorization
methods [31], IconDM can also generate icons in SVG format. Fi-
nally, we would like to point out that a limitation of our approach
lies in its efficiency, i.e., the style transfer process is optimization-
based and requires online learning for each icon set. In the future,
we plan to seek an optimization-free method for Text-Guided Icon
Set Expansion, thereby enhancing practicality.

871

874
875
876
877
878
879
880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917
918
919
920
921
922
923

924

926
927
928



929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971
972
973
974
975
976
977
978
979
980
981
982
983
984
985

986

IconDM: Text-Guided Icon Set Expansion Using Diffusion Models

REFERENCES

(1]

A

(5]

(6

=

[7

[

[10

[11]

[12]

[13]

[14]

[15]

[16]

(17

[18

[19]

[20

[21]

[22]

[23]

James Betker, Gabriel Goh, Li Jing, Tim Brooks, Jianfeng Wang, Linjie Li, Long
Ouyang, Juntang Zhuang, Joyce Lee, Yufei Guo, et al. 2023. Improving im-
age generation with better captions. Computer Science. https://cdn. openai.
com/papers/dall-e-3. pdf 2, 3 (2023), 8.

Andrew Brock, Jeff Donahue, and Karen Simonyan. 2018. Large scale GAN
training for high fidelity natural image synthesis. arXiv preprint arXiv:1809.11096
(2018).

Mathilde Caron, Hugo Touvron, Ishan Misra, Hervé Jégou, Julien Mairal, Piotr
Bojanowski, and Armand Joulin. 2021. Emerging properties in self-supervised
vision transformers. In Proceedings of the IEEE/CVF international conference on
computer vision. 9650-9660.

Huiwen Chang, Han Zhang, Jarred Barber, A] Maschinot, Jose Lezama, Lu Jiang,
Ming-Hsuan Yang, Kevin Murphy, William T Freeman, Michael Rubinstein, et al.
2023. Muse: Text-to-image generation via masked generative transformers. arXiv
preprint arXiv:2301.00704 (2023).

Jingwen Chen, Yingwei Pan, Ting Yao, and Tao Mei. 2023. Controlstyle: Text-
driven stylized image generation using diffusion priors. In Proceedings of the 31st
ACM International Conference on Multimedia. 7540-7548.

Junsong Chen, Jincheng YU, Chongjian GE, Lewei Yao, Enze Xie, Zhongdao
Wang, James Kwok, Ping Luo, Huchuan Lu, and Zhenguo Li. 2024. PixArt-
$\alpha$: Fast Training of Diffusion Transformer for Photorealistic Text-to-Image
Synthesis. In The Twelfth International Conference on Learning Representations.
https://openreview.net/forum?id=eAKmQPe3m1

Yinpeng Chen, Zhiyu Pan, Min Shi, Hao Lu, Zhiguo Cao, and Weicai Zhong.
2022. Design What You Desire: Icon Generation from Orthogonal Application
and Theme Labels. In Proceedings of the 30th ACM International Conference on
Multimedia. 2536-2546.

Patrick Esser, Robin Rombach, and Bjorn Ommer. 2021. Taming transformers
for high-resolution image synthesis. In Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition. 12873-12883.

Rinon Gal, Yuval Alaluf, Yuval Atzmon, Or Patashnik, Amit H Bermano, Gal
Chechik, and Daniel Cohen-Or. 2022. An image is worth one word: Personalizing
text-to-image generation using textual inversion. arXiv preprint arXiv:2208.01618
(2022).

Tan Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-Farley,
Sherjil Ozair, Aaron Courville, and Yoshua Bengio. 2020. Generative adversarial
networks. Commun. ACM 63, 11 (2020), 139-144.

Amir Hertz, Ron Mokady, Jay Tenenbaum, Kfir Aberman, Yael Pritch, and Daniel
Cohen-Or. 2022. Prompt-to-prompt image editing with cross attention control.
arXiv preprint arXiv:2208.01626 (2022).

Amir Hertz, Andrey Voynov, Shlomi Fruchter, and Daniel Cohen-Or. 2023. Style
aligned image generation via shared attention. arXiv preprint arXiv:2312.02133
(2023).

Jonathan Ho, William Chan, Chitwan Saharia, Jay Whang, Ruiqi Gao, Alexey
Gritsenko, Diederik P Kingma, Ben Poole, Mohammad Norouzi, David ] Fleet,
et al. 2022. Imagen video: High definition video generation with diffusion models.
arXiv preprint arXiv:2210.02303 (2022).

Jonathan Ho, Ajay Jain, and Pieter Abbeel. 2020. Denoising diffusion probabilistic
models. Advances in neural information processing systems 33 (2020), 6840-6851.
Jonathan Ho and Tim Salimans. 2022. Classifier-free diffusion guidance. arXiv
preprint arXiv:2207.12598 (2022).

Jonathan Ho, Tim Salimans, Alexey Gritsenko, William Chan, Mohammad
Norouzi, and David ] Fleet. 2022. Video diffusion models. Advances in Neu-
ral Information Processing Systems 35 (2022), 8633-8646.

Neil Houlsby, Andrei Giurgiu, Stanislaw Jastrzebski, Bruna Morrone, Quentin
De Laroussilhe, Andrea Gesmundo, Mona Attariyan, and Sylvain Gelly. 2019.
Parameter-efficient transfer learning for NLP. In International conference on
machine learning. PMLR, 2790-2799.

Edward ] Hu, Yelong Shen, Phillip Wallis, Zeyuan Allen-Zhu, Yuanzhi Li, Shean
Wang, Lu Wang, and Weizhu Chen. 2021. Lora: Low-rank adaptation of large
language models. arXiv preprint arXiv:2106.09685 (2021).

Xun Huang and Serge Belongie. 2017. Arbitrary style transfer in real-time
with adaptive instance normalization. In Proceedings of the IEEE international
conference on computer vision. 1501-1510.

Sergey Karayev, Matthew Trentacoste, Helen Han, Aseem Agarwala, Trevor
Darrell, Aaron Hertzmann, and Holger Winnemoeller. 2013. Recognizing image
style. arXiv preprint arXiv:1311.3715 (2013).

Tero Karras, Samuli Laine, and Timo Aila. 2019. A style-based generator ar-
chitecture for generative adversarial networks. In Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition. 4401-4410.

Bahjat Kawar, Shiran Zada, Oran Lang, Omer Tov, Huiwen Chang, Tali Dekel,
Inbar Mosseri, and Michal Irani. 2023. Imagic: Text-based real image editing with
diffusion models. In Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition. 6007-6017.

Diederik P Kingma and Max Welling. 2013. Auto-encoding variational bayes.
arXiv preprint arXiv:1312.6114 (2013).

[24]

[25]

[26]

[27]

[28

[29]

[30]

(31]

(33]

(34]

[35

[37

[38

[39

=
=

[41

[42]

[43]

[44

[45

[46

ACM MM, 2024, Melbourne, Australia

Nupur Kumari, Bingliang Zhang, Richard Zhang, Eli Shechtman, and Jun-Yan
Zhu. 2023. Multi-Concept Customization of Text-to-Image Diffusion. (2023).
Haodong Li, Weiqi Luo, and Jiwu Huang. 2017. Localization of diffusion-based
inpainting in digital images. IEEE transactions on information forensics and security
12, 12 (2017), 3050—-3064.

Chen-Hsuan Lin, Jun Gao, Luming Tang, Towaki Takikawa, Xiaohui Zeng, Xun
Huang, Karsten Kreis, Sanja Fidler, Ming-Yu Liu, and Tsung-Yi Lin. 2023. Magic3d:
High-resolution text-to-3d content creation. In Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition. 300-309.

Haotian Liu, Chunyuan Li, Qingyang Wu, and Yong Jae Lee. 2024. Visual instruc-
tion tuning. Advances in neural information processing systems 36 (2024).

Ilya Loshchilov and Frank Hutter. 2017. Decoupled weight decay regularization.
arXiv preprint arXiv:1711.05101 (2017).

Andreas Lugmayr, Martin Danelljan, Andres Romero, Fisher Yu, Radu Timofte,
and Luc Van Gool. 2022. Repaint: Inpainting using denoising diffusion proba-
bilistic models. In Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition. 11461-11471.

Zhengxiong Luo, Dayou Chen, Yingya Zhang, Yan Huang, Liang Wang, Yujun
Shen, Deli Zhao, Jingren Zhou, and Tieniu Tan. 2023. Videofusion: Decomposed
diffusion models for high-quality video generation. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition. 10209-10218.

Xu Ma, Yugian Zhou, Xinggian Xu, Bin Sun, Valerii Filev, Nikita Orlov, Yun Fu,
and Humphrey Shi. 2022. Towards layer-wise image vectorization. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 16314~
16323.

Ajkel Mino and Gerasimos Spanakis. 2018. Logan: Generating logos with a
generative adversarial neural network conditioned on color. In 2018 17th IEEE
International Conference on Machine Learning and Applications (ICMLA). IEEE,
965-970.

Mehdi Mirza and Simon Osindero. 2014. Conditional generative adversarial nets.
arXiv preprint arXiv:1411.1784 (2014).

Chong Mou, Xintao Wang, Liangbin Xie, Yanze Wu, Jian Zhang, Zhongang Qi,
and Ying Shan. 2024. T2i-adapter: Learning adapters to dig out more controllable
ability for text-to-image diffusion models. In Proceedings of the AAAI Conference
on Artificial Intelligence, Vol. 38. 4296-4304.

Alex Nichol, Prafulla Dhariwal, Aditya Ramesh, Pranav Shyam, Pamela Mishkin,
Bob McGrew, Ilya Sutskever, and Mark Chen. 2021. Glide: Towards photorealistic
image generation and editing with text-guided diffusion models. arXiv preprint
arXiv:2112.10741 (2021).

Cedric Oeldorf and Gerasimos Spanakis. 2019. LoGANv2: Conditional style-
based logo generation with generative adversarial networks. In 2019 18th IEEE
International Conference On Machine Learning And Applications (ICMLA). IEEE,
462-468.

Dustin Podell, Zion English, Kyle Lacey, Andreas Blattmann, Tim Dockhorn, Jonas
Miiller, Joe Penna, and Robin Rombach. 2023. Sdxl: Improving latent diffusion
models for high-resolution image synthesis. arXiv preprint arXiv:2307.01952
(2023).

Tianhao Qi, Shancheng Fang, Yanze Wu, Hongtao Xie, Jiawei Liu, Lang Chen,
Qian He, and Yongdong Zhang. 2024. DEADIff: An Efficient Stylization Diffusion
Model with Disentangled Representations. arXiv preprint arXiv:2403.06951(2024).
Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh,
Sandhini Agarwal, Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark,
etal. 2021. Learning transferable visual models from natural language supervision.
In International conference on machine learning. PMLR, 8748-8763.

Alec Radford, Luke Metz, and Soumith Chintala. 2015. Unsupervised representa-
tion learning with deep convolutional generative adversarial networks. arXiv
preprint arXiv:1511.06434 (2015).

Aditya Ramesh, Prafulla Dhariwal, Alex Nichol, Casey Chu, and Mark Chen.
2022. Hierarchical text-conditional image generation with clip latents. arXiv
preprint arXiv:2204.06125 1, 2 (2022), 3.

Aditya Ramesh, Mikhail Pavlov, Gabriel Goh, Scott Gray, Chelsea Voss, Alec
Radford, Mark Chen, and Ilya Sutskever. 2021. Zero-shot text-to-image generation.
In International conference on machine learning. Pmlr, 8821-8831.

Robin Rombach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, and Bjérn
Ommer. 2022. High-resolution image synthesis with latent diffusion models. In
Proceedings of the IEEE/CVF conference on computer vision and pattern recognition.
10684-10695.

Olaf Ronneberger, Philipp Fischer, and Thomas Brox. 2015. U-net: Convolu-
tional networks for biomedical image segmentation. In Medical image computing
and computer-assisted intervention—MICCAI 2015: 18th international conference,
Munich, Germany, October 5-9, 2015, proceedings, part IIl 18. Springer, 234-241.
Nataniel Ruiz, Yuanzhen Li, Varun Jampani, Yael Pritch, Michael Rubinstein, and
Kfir Aberman. 2023. Dreambooth: Fine tuning text-to-image diffusion models for
subject-driven generation. In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition. 22500-22510.

Chitwan Saharia, William Chan, Saurabh Saxena, Lala Li, Jay Whang, Emily L
Denton, Kamyar Ghasemipour, Raphael Gontijo Lopes, Burcu Karagol Ayan, Tim
Salimans, et al. 2022. Photorealistic text-to-image diffusion models with deep

987

988

989

990

991

992

993

994

995

996

997

998

999

1000
1001
1002
1003
1004
1005
1006
1007
1008
1009
1010
1011
1012
1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025
1026
1027
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043

1044


https://openreview.net/forum?id=eAKmQPe3m1

1045
1046
1047
1048
1049
1050
1051
1052
1053
1054
1055
1056
1057
1058
1059
1060
1061
1062
1063
1064
1065
1066
1067
1068
1069
1070
1071
1072
1073
1074
1075
1076
1077
1078
1079
1080
1081
1082
1083
1084
1085
1086
1087
1088
1089
1090
1091
1092
1093
1094
1095
1096
1097
1098
1099
1100
1101

1102

ACM MM, 2024, Melbourne, Australia

language understanding. Advances in neural information processing systems 35
(2022), 36479-36494.

Christoph Schuhmann, Romain Beaumont, Richard Vencu, Cade Gordon, Ross
Wightman, Mehdi Cherti, Theo Coombes, Aarush Katta, Clayton Mullis, Mitchell
Wortsman, et al. 2022. Laion-5b: An open large-scale dataset for training next
generation image-text models. Advances in Neural Information Processing Systems
35 (2022), 25278-25294.

Christoph Schuhmann, Richard Vencu, Romain Beaumont, Robert Kaczmarczyk,
Clayton Mullis, Aarush Katta, Theo Coombes, Jenia Jitsev, and Aran Komatsuzaki.
2021. Laion-400m: Open dataset of clip-filtered 400 million image-text pairs. arXiv
preprint arXiv:2111.02114 (2021).

Animesh Sinha, Bo Sun, Anmol Kalia, Arantxa Casanova, Elliot Blanchard, David
Yan, Winnie Zhang, Tony Nelli, Jiahui Chen, Hardik Shah, et al. 2023. Text-to-
Sticker: Style Tailoring Latent Diffusion Models for Human Expression. arXiv
preprint arXiv:2311.10794 (2023).

Kihyuk Sohn, Nataniel Ruiz, Kimin Lee, Daniel Castro Chin, Irina Blok, Huiwen
Chang, Jarred Barber, Lu Jiang, Glenn Entis, Yuanzhen Li, et al. 2023. Styledrop:
Text-to-image generation in any style. arXiv preprint arXiv:2306.00983 (2023).
Jiaming Song, Chenlin Meng, and Stefano Ermon. 2021. Denoising Diffusion
Implicit Models. In International Conference on Learning Representations. https:
//openreview.net/forum?id=St1giarCHLP

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones,
Aidan N Gomez, Lukasz Kaiser, and Illia Polosukhin. 2017. Attention is all
you need. Advances in neural information processing systems 30 (2017).

Anonymous Authors

[53] Haofan Wang, Qixun Wang, Xu Bai, Zekui Qin, and Anthony Chen. 2024. In-

stantStyle: Free Lunch towards Style-Preserving in Text-to-Image Generation.
arXiv preprint arXiv:2404.02733 (2024).

Zhouxia Wang, Xintao Wang, Liangbin Xie, Zhongang Qi, Ying Shan, Wenping
Wang, and Ping Luo. 2023. Styleadapter: A single-pass lora-free model for stylized
image generation. arXiv preprint arXiv:2309.01770 (2023).

Chenfei Wu, Jian Liang, Lei Ji, Fan Yang, Yuejian Fang, Daxin Jiang, and Nan
Duan. 2022. Niwa: Visual synthesis pre-training for neural visual world creation.
In European conference on computer vision. Springer, 720-736.

Ronghuan Wu, Wanchao Su, Kede Ma, and Jing Liao. 2023. IconShop: Text-
Based Vector Icon Synthesis with Autoregressive Transformers. arXiv preprint
arXiv:2304.14400 (2023).

Binxin Yang, Shuyang Gu, Bo Zhang, Ting Zhang, Xuejin Chen, Xiaoyan Sun,
Dong Chen, and Fang Wen. 2023. Paint by example: Exemplar-based image
editing with diffusion models. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition. 18381-18391.

Hongyi Yang, Chengqi Xue, Xiaoying Yang, and Han Yang. 2021. Icon generation
based on generative adversarial networks. Applied Sciences 11, 17 (2021), 7890.
Lvmin Zhang, Anyi Rao, and Maneesh Agrawala. 2023. Adding conditional con-
trol to text-to-image diffusion models. In Proceedings of the IEEE/CVF International
Conference on Computer Vision. 3836-3847.

Yuxin Zhang, Nisha Huang, Fan Tang, Haibin Huang, Chongyang Ma, Weiming
Dong, and Changsheng Xu. 2023. Inversion-based style transfer with diffusion
models. In Proceedings of the IEEE/CVF conference on computer vision and pattern
recognition. 10146-10156.

1103
1104
1105
1106
1107
1108
1109
1110
1111
1112
1113
1114
1115
1116
1117
1118
1119
1120
1121
1122
1123
1124
1125
1126
1127
1128
1129
1130
1131
1132
1133
1134
1135
1136
1137
1138
1139
1140
1141
1142
1143
1144
1145
1146
1147
1148
1149
1150
1151
1152
1153
1154
1155
1156
1157
1158
1159

1160


https://openreview.net/forum?id=St1giarCHLP
https://openreview.net/forum?id=St1giarCHLP

	Abstract
	1 Introduction
	2 Related Work
	3 IconDM
	3.1 Preliminary
	3.2 Domain Adaptation
	3.3 Style Transfer

	4 Experiments
	4.1 Experimental Setting
	4.2 Main Results
	4.3 Ablation Studies
	4.4 Feature Visualization
	4.5 More Applications

	5 Conclusion
	References

