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Abstract

Font design is an area that presents a unique opportunity to blend artistic creativity
and artificial intelligence. However, traditional methods are time-consuming, espe-
cially for complex fonts or large character sets. Font transfer streamlines this process
by learning font transitions to generate multiple styles from a target font. Yet, existing
Generative Adversarial Network (GAN) based approaches often suffer from instabil-
ity. Current diffusion-based font generation methods typically depend on single-modal
inputs, either visual or textual, limiting their capacity to capture detailed structural and
semantic font features. Additionally, current diffusion models suffer from high compu-
tational complexity due to their deep and redundant architectures. To address these
challenges, we propose esFont, a novel guided Diffusion framework. It incorporates
a Contrastive Language—Image Pre-training (CLIP) based text encoder, and a Vision
Transformer (ViT) based image encoder, enriching the font transfer process through
multimodal guidance from text and images. Our model further integrates deep clip-
ping and timestep optimization techniques, significantly reducing parameter complex-
ity while maintaining superior performance. Experimental results demonstrate that
esFont improves both efficiency and quality. Our model shows clear enhancements
in structural accuracy (SSIM improved to 0.91), pixel-level fidelity (RMSE reduced

to 2.68), perceptual quality aligned with human vision (LPIPS reduced to 0.07), and
stylistic realism (FID decreased to 13.87). It reduces the model size to 100M parame-
ters, cuts training time to just 1.3 hours, and lowers inference time to only 21 minutes.
In summary, esFont achieves significant advancements in both scientific and engi-
neering domains by the innovative combination of multimodal encoding, structural
depth pruning, and timestep optimization.
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1. Introduction

As a core carrier of human civilization and a means of information transmission, text has
long been associated with profound cultural and ideological connotations [1]. Fonts, as an
important form of expression, not only affect the visual effect during communication, but
also give texts emotional and artistic expression. However, font design is often consid-
ered a complex, time-consuming and labor-intensive task, as it requires designers to
strike a balance between style consistency and aesthetics [2]. At the same time, existing
methods generally have problems such as single model input, inability to fully extract font
features that need to be transferred, large model calculation requirements, and complex
models. In the early stage of the development of font transfer methods, like other image
generation tasks, the main backbone network was based on generative adversarial
networks. Reviewing the font transfer network based on Generative Adversarial Network
(GAN) [3-5], often suffer from training instability such as mode collapse and non-
convergence [6,7] due to their adversarial optimization process. A key issue is bias in the
discriminator, where imbalanced decision boundaries cause the model to favor specific
style features, limiting generalization to diverse font forms [8]. This can further lead to
mode collapse, where the generator outputs only a narrow set of font variations, failing
to reflect the full distribution of the target font style [9,10]. This can lead to inconsistent or
poor quality of generated font styles. At the same time, if the design of the discriminator
is biased, it will lead to mode collapse and fail to truly generate the target font image.
Recently, the emerging large models have been used by more and more researchers for
text, image and other processing tasks due to their large number of parameters [11].

As a prominent model in image processing, especially image generation, the
diffusion model has attracted widespread attention since it was proposed, and has
also been used in font transfer tasks. Kondo et al. [12] introduced font style interpo-
lation using diffusion models, effectively modelling smooth transitions between styles
but lacking semantic guidance due to reliance solely on visual inputs. He et al. [13]
proposed Diff-Font for robust one-shot font generation based on diffusion models.
While effective at single-style font synthesis, its single-modal, image-only input
approach limits semantic detail representation, impacting the variety of generated
styles. VecFusion [14] applies diffusion models to generate vectorized fonts, aiming
for precise control over vector outputs. However, the method struggles to capture
stylistic nuances, again due to its exclusive visual input. Chen et al. [15] presented
CD-Font, using conditional diffusion models with disentangled guidance, enhancing
style control but still constrained by single input modality, limiting overall expressive
detail. DP-Font by Zhang et al. [16] incorporates physical information networks within
diffusion models for Chinese calligraphy fonts, improving structure realism but at
the expense of significant computational complexity. These prior approaches share
two critical limitations: the network that relies on a single input cannot capture the
diversity and details of the input font, resulting in a single-generated font style. At the
same time, the generation process of the diffusion model is very complicated, which
will lead to low efficiency and low portability in the generation process. Therefore, this
paper aims to build an efficient, stable and controllable font style transfer model.
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Through the understanding and analysis of existing methods, it is obvious that image and text inputs have their own
advantages. Image input can directly provide contour and structural information, while text input directly provides seman-
tic and detailed supplements. The semantic details are not used to describe the meaning of Chinese characters, but the
structural visual attributes of Chinese characters themselves, including global style, stroke characteristics and typesetting
layout. Compared with traditional alphabetic characters, Chinese fonts have more strokes and more complex structures.
Therefore, adding semantic details to the structure can provide additional supplements in the generation, thereby improv-
ing the consistency of font structure and style. Currently, these methods only use one of the inputs and ignore the supple-
ment of the other input. If only visual features are used, the model can only imitate the outline of the reference font and it
is difficult to adjust the stroke details; if only semantic features are used, the model can only imitate the description of the
reference font but cannot provide geometric details such as stroke layout. Fusion of the two into a latent vector Z allows
the diffusion process to be guided by both stroke details and font style, thus achieving a balance between structural fidelity
and semantic consistency. Therefore, we propose a diffusion model that combines image and text inputs. Image input
provides structural and contour information for fonts, and text input provides semantic details for fonts. The combination of
the two enhances the stability and quality of the diffusion model. At the same time, depth pruning and time step optimiza-
tion methods are introduced in the diffusion model to reduce the model size and training and inference time.

Specifically, we use Vision Transformer (ViT) [17] to encode the reference font image and extract the contour and struc-
tural information of the font. The global self-attention mechanism in ViT captures long-range dependencies across strokes,
allowing it to learn more comprehensive geometric structures than a conventional CNN. At the same time, we use Con-
trastive Language—Image Pre-training (CLIP) [18] text encoder to encode the text information and analyze the semantic
information and detailed supplement of the text input. Having been jointly pre-trained on a large-scale image—text corpus,
the CLIP text encoder produces semantic vectors that are intrinsically aligned with visual features and supply finer stylis-
tic cues. Subsequently, the encoded image features and text features are fused into a latent vector Z through MLP. This
latent vector Z is added in the diffusion process to play a guiding role in each stage, thereby effectively improving the gen-
eration quality and stability. After fusing the latent vector Z, the original deep computational structure of the diffusion model
will lead to redundant information transmission, thus reducing computational efficiency. At the same time, we observed
that the shallow depth provides the overall framework for font transfer, and the deep depth provides details for the font,
and there is less need for detail optimization. In order to reduce information redundancy in the diffusion process and
improve information utilization, we choose to introduce depth pruning, discard the redundant layers, and reduce the com-
putational cost. However, the information loss caused by depth pruning will be further amplified as the original time step
is too long, which will affect the performance of the model. At the same time, we also observed that the contributions of
early and late time steps to font generation are not equal. Therefore, in order to reduce the impact of information loss and
skip time steps with low contribution, we introduce a time step optimization method. Time step optimization can adjust the
distribution of time steps in the diffusion process, concentrate the number of computational steps on the steps that have a
greater impact on the generation quality, and minimize the impact of information loss caused by deep jump shearing.

In summary, our method combines the advantages of image input and text input, uses multimodal input to accurately
control the generation process of the diffusion model, and greatly improves the computational efficiency of the model
through pruning and time step optimization. The Structural Similarity Index (SSIM) [19] is 0.91, the Root Mean Square
Error (RMSE) is 2.68, the Perceptual Image Patch Similarity (LPIPS) [20] is 0.07, and the Fréchet Inception Distance
(FID) [21] is 13.87, which are improved compared with existing methods. At the same time, the number of parameters is
reduced to 100M, the training time is shortened to 2 hours, and the inference time is only 10 minutes, which provides a
new idea for stable and efficient font style migration.

The primary contributions of this paper can be summarized as follows:

1. We proposed a multimodal input Diffusion model for font transfer tasks. We introduced a multimodal input strategy of
text and image fusion in the Diffusion model, embedded the CLIP text encoder and ViT image encoder into the diffusion
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process, and provided rich feature representations for font style migration through the guidance of text and pictures,
thereby improving the stability and diversity of generated fonts.

2. We proposed deep clipping and time step optimization techniques in the Diffusion model to reduce the diffusion depth
and diffusion steps in the model, thereby greatly reducing model parameters and computing resource requirements. In
addition, it reduces computational costs and enhances the potential for model transferability.

3. According to the experimental results, our proposed method outperforms other GAN-based and diffusion model-based
approaches in terms of character details generation, similarity with the target font, and generation stability. It achieves
the best performance in SSIM, RMSE, LPIPS, and FID, while the number of parameters, training time, and inference
time are minimized.

The following article is arranged as follows: Section 2 introduces the related work of this article, including the introduction
of the diffusion model and the compression of the diffusion model. Section 3 introduces our proposed method, describes
in detail the diffusion process of introducing image input and text input, as well as the pruning and optimization of the diffu-
sion process. Section 4 conducts qualitative and quantitative analysis on the dataset and shows the improvement results
of the model. Chapter 5 summarizes this article.

2. Components
2.1 Diffusion model

The denoising diffusion probability model was improved by Nichol A Q [22]. It is a deep learning model built upon prob-
abilistic generation principles. In recent years, due to its powerful generation ability and stability, the diffusion model has
received increasing attention in most image generation tasks, especially font transfer tasks. The diffusion model involves
a process where noise is gradually added to the input image, transforming it into a Gaussian distribution, followed by a
step-by-step denoising process via learning. Through this process, the input image is converted into a high-quality target
image, thereby achieving data regeneration. Its working principle can be understood as two stages: the noising process
and the denoising stage. The first is the forward denoising process. For a given input data x , a complete Markov chain
is used to gradually add noise to the input to obtain the noise data x; at each time step. When t increases to the terminal
step T, xris close to pure Gaussian noise; then the model will gradually denoise in the opposite direction and restore xr
to a clean target image. Its forward transfer probability is defined as:

q(xt|xt-1) = N(xt; /1 = Bex1, Bil) 1)

Where g; is the noise coefficient that changes with time step t. After obtaining the complete noise data x;, a denoising
process is required. The denoising process is to denoise the noise data in the noise process by learning a neural network
with parameters py (X1 | X¢), and finally gradually restore the target data xo from pure noise xr:

Po(Xe1|Xe) = N(Xe-1; 1o (Xe, 1), B (X, 1)) (2)

Among them, 19 and () are the mean and variance continuously calculated by the model during the learning process.
Although multimoddl text and image inputs have improved the generation quality and stability of the diffusion model,
they have also brought problems with computational efficiency. The deep structure in the diffusion model causes informa-
tion redundancy in the newly added input. After the redundant information is transmitted at multiple levels, it will inevitably
lead to performance degradation, and it is difficult to maximize the information utilization. Therefore, the model still needs

depth pruning to optimize the structure of the diffusion model and improve information utilization.
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2.2 Font style transfer

In recent years, font style transfer has been extensively studied using GAN and Diffusion models. Xie Y. et al. [23] pro-
posed a new deformable generative network based on generative adversarial network. It introduced a feature deformation
skip connection into the generator, which is used to predict the displacement map of the input and pass this map into the
deformable convolution for low-level feature map. Although this design enhances the feature extraction of the input image
font, the generation and adversarial training methods are susceptible to instability issues during the generation process.
As a result, the quality of the generated font images is often inconsistent, especially when dealing with complex font
styles. At the same time, the generative adversarial network is prone to mode collapse, that is, the generation quality is
very poor, but the generator cannot update parameters due to the weak performance of the discriminator. Kondo T. et al.
[12] proposed an improved diffusion process. It changes the original diffusion process of denoising from pure noise, and
instead uses the input reference font and the target character to be superimposed and added to the denoising process,
that is, gradually denoising from noise to artificial images. This process allows the diffusion model to fully learn the outline
and structure of the font to a large extent. However, the lack of text description will lose a lot of details about the font, such
as the semantic accuracy of the target character, which refers to the preservation of the character’s intended identity and
structural integrity during generation. Rombach, R. [24] proposed a stable diffusion model from text to image. It accepts
descriptions of common fonts and descriptions of new fonts to complete the style transfer task from common fonts to
newly designed fonts. The text description of the font is important, but when there is a lack of image input, the lack of font
structure and outline information has a great impact on the quality. Cheng S. I. et al. [25] proposed a diffusion model that
combines stroke images and sketch images as conditions to generate font images from hand-drawn images. Zhang L. et
al. [26] proposed a diffusion model that introduces an additional conditional control module so that it only fine-tunes the
control model to perform specific font transfer tasks. Zhu Y. et al. [27] proposed a diffusion model that takes three inputs,
image, text and style, as conditions to generate specific text images. He H.et al. [13] proposed a diffusion model that
takes character content and style as conditions, and uses these conditions to generate corresponding character images.
Through the analysis and organization of the above research, we have been inspired. Images usually include the neces-
sary outline and structure information of fonts, while text information can provide some additional details for the generated
fonts. By combining the two, they can serve as conditional inputs to steer the generation process of the diffusion model,
thereby enhancing the quality of the generated output. Hence, this paper introduces an improved diffusion model that
integrates both image and text guidance to direct the model in generating high-quality migration fonts.

2.3 Model compression in diffusion models

In recent studies, many researchers have focused on model compression in diffusion models. Lu C. et al. [28] proposed
a method to treat the diffusion probability model as a diffusion ordinary differential equation (ODE). By applying variable
transformation, it can simplify the solution of the equation in the diffusion process to an exponentially weighted integral

in the network, thereby achieving an acceleration process in the diffusion process. Jolicoeur-Martineau A. et al. [29]
proposed a carefully designed Stochastic Differential Equation (SDE) solver. It can customize the process for the score-
based diffusion model one by one with adaptive step size, and can generate high-quality samples with only two score
function evaluations. The addition of ODE and SDE solvers has accelerated the diffusion process, but in the font transfer
task, it affects the diversity of font generation. At the same time, the addition of additional modules requires more training
of the model, which also increases the computational overhead of the model. Li Y. et al. [30,31] proposed a method to
strengthen the distribution distillation process by introducing regularization to the classifier-free model. In the distillation
process, it adds additional regularization terms to the learning objective to guide the training direction. The teacher-
student distillation model can effectively reduce the model size, but the control of model quality becomes complicated. The
above exploration of model compression is exciting, but there are still problems such as the need for additional training
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and guided training in the font transfer task. The deep clipping and time step optimization introduced in this article can be
implemented directly in the diffusion model without adding additional modules. At the same time, the original model contin-
ues to be used without additional guided training. These two improvements can simplify the diffusion process and obtain
the same generation quality.

3. Methods
3.1 Conditional diffusion model

In this chapter, we will introduce the details of the proposed framework. The main process of this paper is shown in Fig 1.
As shown in the figure, the target font image is directly input into the diffusion process. At the same time, it is encoded and
linked with the text input separately, and then encoded into a latent vector z through MLP. Among them, xga' is a random
glyph in the target font. Since only the font style of the reference font is provided, usually only one is selected to prove that
the model can learn the font style from very few reference fonts. xg is the source font, which provides a complete skeleton

Generate the Chinese
character ' '}' in bold.
rough brushstroke CLIP e 4 @
calligraphy, matching the l
texture and style of
traditional black ink on a

white background.

\ 4

%‘ —_— Vil > ]
far

Xo l MLP

Deep pruning

Timestep optimization

MLP

-4
<

Deep pruning

v’

% Timestep optimization X,

o

Fig 1. The flowchart of the large model for font style transfer. The model input includes image input and text input, which are fused into a latent
vector to guide font generation. At the same time, deep clipping and time step optimization are introduced to speed up model generation.

https://doi.org/10.1371/journal.pone.0333496.9001
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of the font style and constrains the generated result to maintain the character structure. Since it only provides the skele-
ton structure of the font, its font style is usually ordinary, which makes it easier for the model to learn the basic structural
information of the characters. xg is the predicted glyph after reverse denoising of the diffusion model, which contains the
font style of the reference font and the glyph of the source font. During training, the loss is calculated for the glyph corre-
sponding to the target font x}a’. Specifically, the input font image xj is extracted through ViT to extract high-dimensional
features, capturing the structure and contour information of the font, including the font stroke curve, stroke thickness and
alignment. In the process of extracting visual features, ViT relies on its multi-layer self-attention mechanism to integrate
the local information of the image with the global context information to ensure that the captured features can accurately
reflect the overall style and local details of the font. ViT divides the input image into a series of fixed-size image blocks, lin-
early maps them to a high-dimensional space, and then generates a visual feature representation through a self-attention
mechanism. The feature extraction process for xj is described as:

V= ViT(XO) = ftransformer(fpatCh(XO)) (3)

Among them, f,4:c, represents the segmentation and linear projection operation of the input, fyansformer represents the muilti-
layer self-attention mechanism, and v is the visual feature vector extracted by ViT. At the same time, the target font style
text description Xy is feature encoded by the CLIP text encoder. CLIP first segments the input and maps these segments
to the word vector space, and then uses the Transformer structure to capture the semantic relationship between sen-
tences. After these processes, the text embedding vector is generated, which is described as:

t = CLIP(Xtext) = Qtransformer(Gembed(Xtext)) (4)

Among them, gempeq is the word embedding operation, gy ansformer i the Transformer encoding module, and t is the gener-
ated text feature vector. Subsequently, the outputs v and t of ViT and CLIP are connected into a comprehensive feature
representation. The feature connection is to ensure that the visual and semantic information can be effectively integrated,
where the visual features contain the structural information of the font, and the semantic information contains the font style
direction. Finally, the latent vector z is generated by the multi-layer perceptron:

z=MLP([v;1]) = Amip([v; 1])
h0,00 = (Wx+ b))

mlip (5)
Among them, [v; f] represents the concatenated vector of the two, h,, is a multi-layer perceptron module consisting of a
fully connected layer and an activation function o, where W and b are the weights and biases of the fully connected layer.
In our task, the model sets the number of MLP layers to 2. The one-layer model is limited by the difficulty in effectively
capturing the cross-modal interaction between vision and semantics, while the three-layer model is prone to overfitting
and increases computational overhead. The two-layer structure achieves the best balance between the two. This two-
layer MLP concatenates, fuses, and nonlinearly maps the style vector v extracted by ViT and the semantic vector t output
by CLIP to a compact latent conditional vector z. Through feature integration and dimensionality reduction, it ensures
that the downstream diffusion model can simultaneously utilize structural and semantic information, thereby generating a
target font with high detail accuracy, consistent style, and stability.

In the standard diffusion model, the noising and denoising processes are expanded as (1) and (2), and are explicitly
expressed by constructing e ~ A (0, 1) as:

Xt = \/Bexo + /1= Bee, (6)
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Equation (1) gives the single-step conditional distribution q(xt|xt_1) of the forward diffusion, which shows the result of scal-
ing the previous state x._; and superimposing Gaussian noise j; with variance at each time step. Recursively expanding
this series of Markov chains and incorporating all noise terms yields the closed form of Equation (6). Therefore, Equation
(6) is completely consistent with Equation (1) in the definition of noise schedule and random variables, except that the
step-by-step injection is rewritten as a one-time sampling. This equivalence ensures that the statistical assumptions of
the forward process are unchanged. After generating the latent vector z, it is added to the noising and denoising process.
Therefore, the process is updated as:

1 1=5
\/E(Xt 1- B,

X1 = eo(Xt, 1, 2)) + o1z,

(7)

Among them, ¢, (X1, t, Z) is the noise component predicted by the model, 3; is the accumulated scheduling parameter, and
oz is the extended random noise term. Formula (7) has two key extensions based on the classic denoising formula (as
shown in Formula (2) in Chapter 2): First, the prediction of noise in the original formula only depends on time step t and
the image x; at time step t. However, in the improved model, the latent vector z obtained by MLP fusion is explicitly added
to the input of the noise prediction network €, so that the network can use visual and semantic features for denoising and
provide more guidance for font generation. Secondly, a random compensation o:z is added outside the extension term, so
that z can not only guide the prediction of noise, but also affect the generated distribution at each step, thereby the guid-
ance of strengthening z on the generated distribution and improving sample diversity. In the extension term, when z = 0
or oy = 0, Formula (7) degenerates into the original reverse process, thereby ensuring compatibility with the standard
DDPM framework. After introducing the latent vector z containing visual and semantic information, the loss function should
also be improved to adapt to the new conditional generation process. The loss function is expressed as:

L=Eyet|ll e—eo (x,t,2) |2

Among them, ¢ is the real noise. Such a loss function can ensure that the diffusion model not only focuses on noise
removal, but also gradually guides the generation results to the target style font.

Although multimodal text and image inputs have improved the generation quality and stability of the diffusion model,
they have also brought problems with computational efficiency. The deep structure in the diffusion model causes informa-
tion redundancy in the newly added input. After the redundant information is transmitted at multiple levels, it will inevitably
lead to performance degradation, and it is difficult to maximize the information utilization. Therefore, the model still needs-
depth pruning to optimize the structure of the diffusion model and improve information utilization.

3.2 Depth pruning

In the font transfer task, a diffusion model guided by text and images generates a font image with a given style. In the
diffusion model of this paper, the backbone network uses U-Net, which is a U-shaped multi-layer convolutional network. It
encodes and decodes the input during the noising and denoising process to achieve the noising and denoising operations.
This is often complicated and lengthy due to the multi-layer design. In the U-Net architecture, in the shallower layers, the
font layout is relatively clear, so these layers are mainly responsible for extracting and generating the overall structure of
the font image, including shallow features such as contours and positions. In the deeper layers, the font layout is gradually
noisy, and more detailed details are revealed, including the strokes and spacing information of the font, so these layers are
mainly responsible for extracting and generating detailed features. Font images are different from conventional image gen-
eration. They do not contain a large number of generated details, contours and positions. A small part contains details of

PLOS One | https://doi.org/10.137 1/journal.pone.0333496  October 9, 2025 8/18




PLO\S\% One

strokes and spacing, and most of them are blank. Therefore, cutting off the deep layers of U-Net will not have much impact
on the output quality, because most of the structure and details of the font are in the shallower layers. As shown in Fig 2, we
set a threshold in U-Net and directly discard the parts with depth higher than the threshold, while retaining the layers within
the threshold. This not only improves the denoising speed of the model, but also maintains the generated quality.

Although depth pruning effectively reduces information redundancy and computational cost, the reduction in depth also
leads to a reduction in effective information. In the diffusion time step, the distribution of the original time step will further
amplify the information loss, resulting in performance degradation. Therefore, the model still needs time step optimization
to optimize the model structure, reduce the impact of information loss, and improve time step efficiency.

3.3 Timestep optimization

In the font transfer task, the impact of time steps on model generation is not the same, that is, different time steps play
different weighted roles in the font image generation process. The early time steps are mainly responsible for generating
the overall framework and layout of the font, which mainly includes the outline and position of the font characters, and is a
relatively important stage in the generation process. In the late time steps, it is mainly responsible for the fine adjustment
of the style, which mainly includes the adjustment of stroke details, the adjustment of stroke spacing in characters, and
the adjustment of texture details. Therefore, in the overall time step, the overall framework is the main feature in the early
generation step, while the marginal benefit of the late time step is relatively low, and the late time step can be optimized.
In order to generate efficiently, we use the y curve formula to generate the time step sequence, and its main steps are:

Depth pruning

1" skip-connection

Depth 1

t »: .
N® skip-connection

[
v

Depth N

Fig 2. Depth pruning can effectively reduce the complexity of the model. The depths less than N are used, while the depths greater than N are
dropped.

https://doi.org/10.1371/journal.pone.0333496.9002
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Fi(v,n)=T-t" (9)

Among them, v > 0 is used to control the distribution of time steps. When « > 1, the time steps are mainly concentrated in
early time steps. When 0 <~ <1, the time steps are mainly concentrated in late time steps. In order to further simplify the
generation process, v = 1.5 is directly fixed, making the overall production process more biased toward early time steps,
as shown in Fig 3. Under the fixed time step optimization scheme, the generation process can quickly generate the outline
of the font in the early time step, and add details in a certain later time step, significantly reducing redundant calculations,
improving the generation efficiency and outputting at the same time High quality font images.

The introduction of timestep optimization is crucial to improving generation quality and reducing computational costs. It
improves the performance of the model by changing the distribution of the original timesteps, reducing redundant calcula-
tions, and reducing the impact of information loss on the model. However, relying solely on timestep optimization cannot
directly improve model performance, especially in the case of information redundancy and structural redundancy. Over-
all, the multimodal fusion input, depth pruning, and timestep optimization in our model are an inseparable whole. Among
them, multi-module fusion input provides structural and semantic guidance, depth pruning optimizes the information trans-
mission process, and timestep optimization balances the quality and efficiency of the generation process. We organically
combine these three together to fundamentally improve the performance and efficiency of font transfer.

Time-step optimization

CNONNONONNN
N

e
N —

Optimized

T N N Y

Fig 3. Time step optimization can greatly improve the efficiency of training and inference. In the process of adding noise and denoising, giving
priority to the time steps that are more important for generation can improve the computational efficiency.

https://doi.org/10.1371/journal.pone.0333496.9003

PLOS One | https://doi.org/10.1371/journal.pone.0333496 October 9, 2025 10/18



https://doi.org/10.1371/journal.pone.0333496.g003

PLOR. One

4. Results
4.1 Experimental design

To evaluate the performance of the model proposed in this paper, we created a training and test dataset based on the
Founder font library [24] [31], a Chinese font resource containing a wide range of font styles. From this library, we ran-
domly selected 100 font styles and generated 4,000 random Chinese characters for each style, covering nearly all com-
monly used fonts. We used 80% of these fonts for training and the remaining 20% for testing. Each font character has a
resolution of 96x96. We uniformly randomly sampled 4,000 characters from the list of 6,626 Chinese characters provided
by [25] as the evaluation set. Some of the characters are shown in Fig 4. The list itself is not sorted by frequency, so ran-
dom sampling can avoid corpus bias. At the same time, we counted the number of strokes after sampling to confirm that
the characters obtained covered the full range from extremely simple structures (< 5 strokes) to highly complex structures
(= 15 strokes), ensuring morphological diversity. In order to input texts with different fonts and Chinese characters, we
designed a solution to automatically mark text inputs for specified fonts and Chinese characters. This ensures reproduc-
ibility and avoids a lot of time-consuming and laborious manual labeling.

Specifically, we divide the text input into three parts, consisting of three levels: global style, stroke features, and type-
setting attributes. The global style is mapped into 10 style labels based on the family name of the font. The stroke features
are automatically divided into 10 stroke features using a hard threshold function through statistics of geometric aspects
such as stroke width variance and end angle. Finally, 10 typesetting attributes are classified by combining the font mea-
surement and projection histogram. The three-layer label constitutes a fixed structural template sentence, with up to 1,000
random combinations, which meets the requirements of multiple fonts and Chinese characters in the dataset.

In order to quantitatively analyze our model with other models, this paper uses the commonly used evaluation indica-
tors for font transfer: SSIM, RMSE, LPIPS and FID. Structural Similarity Index (SSIM) [19] is usually used to calculate the
structural similarity between the generated font and the target font, which is very important for the consistency evaluation

Fig 4. Some examples of selected Chinese characters.

https://doi.org/10.1371/journal.pone.0333496.9g004
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of structural character. Root Mean Square Error (RMSE) is commonly used to measure the pixel-level difference between
the generated font and the target font, providing a direct quantification of the accuracy between the generated output

and the target. Learned Perceptual Image Patch Similarity (LPIPS) [20] is typically used to compute deep features that
assess the perceptual difference between the generated font and the target font, aligning more closely with the human
visual system. Finally, Fréchet Inception Distance (FID) [21] is commonly used to evaluate the quality and style con-
sistency between the generated font and the target font distribution. In the training phase, g,t.af and g are input simul-
taneously and the pixel-perceptual joint loss between the generated result g; and the corresponding true value gj‘?af is
calculated; in the inference phase, only g¥" and g5'® are needed to synthesize g;, and gj’-a’ is no longer used; during the
evaluation, g; is aligned with the retained g, and the SSIM, FID and other indicators are counted.

In terms of experimental details, we use the AdamW optimizer to train the model, where the optimizer parameters
B1=0.9, 5, = 0.999. In the total training rounds, we use a batch size of 16 and a total number of iterations of 300,000.
The initial learning rate is set to 16~ and decreases linearly with training to prevent model overfitting. All experiments are
completed on a single NVIDIA RTX 3090. Due to the design of deep clipping and time step optimization, the diffusion step
size is only 50 steps.

4.2 Model performance verification

In terms of comparison with the most advanced models, we selected several advanced methods. First, Stable Diffusion
[24] is the most influential text-to-image generation benchmark. It has demonstrated amazing capabilities in decoding

text and generating high-resolution images, providing a benchmark reference for the expansion of this task from “text to
image” to “text + image to image”. Second, DG-Font (also known as DG-GAN) [23] is a typical font generation method
based on generative adversarial networks. Its deformable generative network optimizes the consistency of font shapes,
thus providing a benchmark for the generation capability of GAN models. Finally, Diff-Font [13] first introduced the diffu-
sion model into one-shot font generation. It achieved excellent performance through the stroke-level noise prediction strat-
egy, providing a benchmark reference for the input fusion of this task from “image to image” to “text + image to image”.
The above three baselines cover the key paradigms from the classic model Diffusion, GAN to the most cutting-edge
diffusion model, providing a comprehensive benchmark reference for evaluating the comprehensive performance of our
method. Specifically, in RMSE and LPIPS, these two indicators are related to direct pixel calculation and human percep-
tion calculation, so the improvement is not obvious compared with other methods. However, in SSIM and FID, two indica-
tors directly related to generation quality and style, our model has obvious advantages. By adding the guidance of pictures
and texts to the diffusion process, our model can not only better retain the structural features of the target font, but also
make the style of the reference font more consistent with the target font in terms of visual style. Among other methods,
whether it is a GAN-based model or a Diffusion-based model, their input is only a single input of text or picture. During the
training process, they fail to effectively integrate multiple information to generate fonts. At the same time, the generation
method based on GAN lacks stability. Our model guides the diffusion model by fusing text and pictures, so that the model
not only accurately focuses on the structure of the target font, but also better matches the target in style and details. Sec-
ondly, our model also uses deep pruning and time step optimization improvements, which not only effectively compresses
the model’'s parameters and reduces the computational complexity, but also allows the model to maintain a high genera-
tion quality. In other methods, whether based on GAN or Diffusion models, the number of parameters is very large, espe-
cially the Diffusion model as a large model, which is known for its large number of parameters. Due to the large number
of parameters, under the same experimental conditions, the training time and inference time are very slow. As shown in
Table 1, after our deep pruning and time step optimization, redundant network connection layers are removed, the itera-
tion time step of the model is optimized, and the consumption of computing resources is reduced, making the generation
process more efficient, reducing the number of parameters, and reducing the training time and inference time. Finally, the
model has improved all indicators, and the number of parameters and training and inference time are reduced.
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Table 1. Comparison of our model with other state-of-the-art methods.

Model SSIM+ RMSE| |LPIPS| FID| Parameters Training Time(h) ] Inference Time (min/100images)|
Stable Diffusion [24] 0.67 2.71 0.24 12.99 200M 3.2 20
DG-Font [23] 0.69 2.72 0.20 13.68 120M 2.7 23
Diff-Font [13] 0.69 2.71 0.21 13.46 180M 2.5 25
Ours 0.91 2.69 0.07 13.87 100M 1.3 21

https://doi.org/10.1371/journal.pone.0333496.t001

The different font transfer results generated by our model and the comparison model are shown in Fig 5. Among them,
xg" corresponds to the style of the target font provided in Fig 1. xo corresponds to the font skeleton of the target font
provided in Fig 1. xj’ corresponds to the prediction of the diffusion model in Fig 1. x/’-a’ and xj’- are used to calculate the
loss during model training and provide true values during prediction to compare the quality of model prediction results.
As shown in the figure, our model shows significant advantages in various aspects of font transfer. In terms of structural
integrity, the number of strokes, stroke arrangement, and specific details of complex fonts (such as the third, sixth, and
ninth columns) are highly consistent with the target font. In contrast, the fonts generated by Stable Diffusion have miss-
ing or sticky strokes, such as in the third and fifth columns. DG-Font has improved in detail expression, but the overall
smoothness leads to a lack of realism, such as in the sixth column. Diff-Font is more stable than Stable Diffusion for com-
plex fonts, but details are still missing, such as the eighth column in the second column.

In terms of style consistency, there is a high degree of style consistency between our font and the target font. On the
second, fourth, and eighth columns, our results are almost exactly the same in terms of stroke thickness. The results of
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Fig 5. Comparison of the results of our model and other methods. In transferring between different fonts, our model shows significant advantages
in various aspects of font transfer.

https://doi.org/10.1371/journal.pone.0333496.9005
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Stable Diffusion are rough and have a single style. The strokes of DG-Font are inconsistent in thickness and do not look
realistic enough. Diff-Font mimics the font style to a certain extent, but it is slightly lacking in the transition of complex
strokes, such as the third, sixth, and ninth columns.

In terms of topological structure and clarity, our fonts are clearer and more delicate. For example, the left-right
structure of the fourth and sixth columns and the top-bottom structure of the ninth column are restored very accurately,
and the restoration resolution is also higher. However, DG-Font and Diff-Font have slight deformation in complex
structures and the spacing between strokes is not completely restored. Stable Diffusion performs poorly in topology
and clarity.

In order to show the difference between extreme values of different indicators, we compare the images that
are more different from the target image with the images we generated, as shown in Table 1 and Fig 6. In Fig 6,
we use image (i) (better) and image (ii) (worse) as paired examples. In Fig 6(a), the SSIM of Figure (i) is 0.91,
while that of Figure (ii) is only 0.71, indicating that the latter has obvious stroke adhesion and breakage, and the
structural consistency is significantly reduced; in Fig 6(b), the RMSE of the two images are 3.26 and 3.33 respec-
tively. The overall brightness difference is very small, but the local lack of ink is diluted by the average pixel,
resulting in only a slight increase in the value; the LPIPS given in Fig 6(c) surges from 0.11 to 0.32, revealing that
a large area of white space in Figure (ii) is filled with ink blocks, texture and contrast are lost, and the distance
from the true value in the perceptual feature space is significantly widened; finally, in Fig 6(d), the FID of the
single approximate calculation increases from 32.2 to 32.6, indicating that both images are far away from the true
distribution, and further distortion will only bring limited increments, but FID needs to be calculated on the entire
test set, and the single image is only for reference. The red framed parts are the obvious differences between
the two images. In summary, SSIM can best reveal skeleton defects, RMSE mainly reflects global brightness
shift, LPIPS is extremely sensitive to texture and stroke differences, and FID is more suitable for evaluating the
distribution consistency of the entire set of samples. In general, the improved model has better smoothness in

target
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i
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5"‘%‘%‘
B B B
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Fig 6. Differences between extreme values of different indicators.

https://doi.org/10.1371/journal.pone.0333496.9006
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detail accuracy, style consistency and generation stability, overcoming the limitations of the previous font transfer
model and showing better performance.

4.3 Ablation experiments

In this section, we will conduct several ablation experiments to demonstrate the effectiveness of our proposed
model. For text encoding, we use BERT as a comparison, and for image encoding, we use ResNet for compar-
ison. The comparison results of their combined models are shown in Table 2. BERT is a powerful text encoder,
which is often used to understand text in complex contexts. However, in the font transfer task, its help for font
generation is relatively limited, and it cannot capture the relationship between text prompts and image generation
well. The text encoding part of CLIP is specially designed for multimodal tasks. It can well understand the poten-
tial relationship between text and image, so its encoding can provide better help for font generation. In the image
encoder, ResNet is a classic convolutional neural network. It adds residual connections to solve the gradient
vanishing problem in deep networks, but it mainly captures local features and lacks attention to global informa-
tion. ViT can globally model the information in the image through the self-attention mechanism, not only capturing
local information, but also capturing global dependencies, maintaining the consistency of image structure and
the richness of details. After various combinations of them, the combination of CLIP, which can provide text and
image understanding, and ViT, which captures local and global information, as the guiding module has the best
performance.

To verify the effectiveness of the added compression model, we conducted ablation experiments on model
compression. From Table 3, we can see that using depth pruning and time step optimization alone can improve
the generation performance and generation efficiency compared with the original model, but there are still some
shortcomings. Using depth clipping alone mainly reduces the depth of the diffusion model, reducing storage and
computational costs. However, due to the reduction in depth, some features are lost in the diffusion model and
the generated quality is reduced. Although using time step optimization alone can effectively reduce the number
of sampling times, the original model itself has not been changed too much and the computational requirements
are still very high. When deep layer pruning is combined with time step optimization, the two methods comple-
ment each other. Depth pruning optimizes the computational approach while reducing the model diffusion depth.
Although there is a small amount of information loss, these losses are almost negligible due to the optimization

Table 2. Performance comparison of different text and image encoders.

Bootstrapping Model Text Encoder Image encoder SSIM RMSE LPIPS FID

CLIP+ViT CLIP ViT 0.91 2.68 0.07 13.87
BERT+VIT BERT ViT 0.85 3.58 0.16 15.50
BERT+ResNet BERT ResNet 0.82 3.35 0.18 17.33
CLIP+ResNet CLIP ResNet 0.80 3.40 0.22 18.79

https://doi.org/10.1371/journal.pone.0333496.t002

Table 3. The impact of different model compression modules on the model.

Model Deep Timestep SSIM RMSE LPIPS FID Parameters Training Inference Time
Pruning Optimization Time(h) (min/100images)

Origin Model x x 0.85 3.01 0.16 22.20 140M 3.1 20

Origin Model X v 0.87 3.03 0.13 21.50 140M 2.0 27

Origin Model v x 0.86 3.02 0.17 15.30 100M 2.3 28

Origin Model Vv v 0.91 2.68 0.07 13.87 100M 1.3 21

https://doi.org/10.1371/journal.pone.0333496.t003
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of the time step. At the same time, these shallower features are more effectively used in the selected time step to
give full play to the role of these features. The combination of the two not only significantly reduces the training
and inference time of the model, but also avoids the limitations of a single method through various optimizations.
Therefore, joint optimization can achieve more efficient and comprehensive improvements while significantly
improving model performance.

We conducted ablation experiments on the selection of the number of depth shear layers in the diffusion model, and
the results are shown in Table 4. At the original number of layers, the model performance was weak and the model
parameters were large. As the number of layers was continuously sheared, from shearing 1 layer to shearing 3 layers, the
performance of the model continued to rise, but after shearing 3 layers, the performance declined, which shows that after
shearing too many layers, the diffusion process has an impact on the generation of fonts. Therefore, although shearing
3 layers has the least number of parameters and the shortest training and inference time, it is still not possible to shear 3
layers. In the end, we chose to shear 2 layers.

On the time step selection of the diffusion model, we performed ablation experiments, and the results are shown in
Table 5. At the original time step, the model performance is weaker and both training and inference times are longer.
When reducing the original 100 time steps to 50 time steps, the model reaches its best performance, while the training
time and inference time also decrease significantly. However, if the time steps are continued to be reduced, the structural
consistency and style of the generation will gradually weaken due to insufficient time steps and insufficient generation
quality. Finally we choose 50 time steps.

5. Conclusion

Font design needs to maintain beauty and functionality in complex strokes and diverse styles. This requires full use
of font transfer technology to fully improve design efficiency. Although the generation method based on large models
(such as the Diffusion model) has achieved some results in font transfer tasks, it is very limited in processing com-
plex fonts and computational efficiency. Therefore, a higher quality and more efficient improved Diffusion model is
needed. To this end, we propose an improved Diffusion model guided by the fusion of text and images. Specifically,
we encode the text input through CLIP text encoding and the image input through ViT image encoding, and input
their encoded latent variables into the diffusion process to guide font transfer. At the same time, we introduce deep
clipping and time step optimization techniques to reduce the depth of the U-Net in the diffusion model, and remove

Table 4. The impact of different diffusion model depths on the model.

Pruning Layers SSiM RMSE LPIPS FID Parameters Training Inference Time
Time(h) (min/100images)

Origin U-Net 0.85 3.20 0.15 22.20 150M 2.3 32

Drop 1 Layers 0.88 3.15 0.14 21.50 120M 2.7 28

Drop 2 Layers 0.91 2.68 0.07 13.87 100M 2.3 25

Drop 3 Layers 0.87 3.10 0.13 15.87 80M 1.3 21

https://doi.org/10.1371/journal.pone.0333496.t004

Table 5. The impact of different diffusion model time steps on the model.

Timesteps SSIM RMSE LPIPS FID Training Inference Time
Time(h) (min/100images)

100 0.85 3.20 0.15 12.20 1.8 28

50 0.91 2.68 0.07 13.87 1.3 21

30 0.88 3.10 0.13 11.92 0.8 13

20 0.86 3.15 0.14 10.17 0.7 12

https://doi.org/10.1371/journal.pone.0333496.t005
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the time steps that have little impact on the generation in the later time steps, remove redundant calculations, and
improve computational efficiency. Experimental results show that our model performs better than existing methods in
processing complex font generation, diversified style transfer and stability, showing very high performance and broad
application prospects.
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