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Abstract

Recently, diffusion-based image generation methods are
credited for their remarkable text-to-image generation capa-
bilities, while still facing challenges in accurately generat-
ing multilingual scene text images. To tackle this problem,
we propose Diff-Text, which is a training-free scene text
generation framework for any language. Our model outputs
a photo-realistic image given a text of any language along
with a textual description of a scene. The model leverages
rendered sketch images as priors, thus arousing the poten-
tial multilingual-generation ability of the pre-trained Stable
Diffusion. Based on the observation from the influence of
the cross-attention map on object placement in generated
images, we propose a localized attention constraint into the
cross-attention layer to address the unreasonable positioning
problem of scene text. Additionally, we introduce contrastive
image-level prompts to further refine the position of the tex-
tual region and achieve more accurate scene text generation.
Experiments demonstrate that our method outperforms the
existing method in both the accuracy of text recognition and
the naturalness of foreground-background blending. Code:
https://github.com/ecnuljzhang/brush-your-text.

Introduction
Minority languages, such as Arabic, Thai, and Kazakh, not
only have a significant number (reaching 5000 to 7000),
but their low-resource nature also impedes the progress of
computer vision, particularly in the domain of image gen-
eration. In recent years, with the advancement of diffusion
models (Ho, Jain, and Abbeel 2020), significant progress
has been made in generating realistic and prompt-aligned
images (Rombach et al. 2022; Ramesh et al. 2022; Saharia
et al. 2022). However, achieving accurate scene text gener-
ation remains challenging due to the fine-grained structure
within the scene text.

Recent efforts utilize diffusion models to overcome the
limitations of traditional methods and enhance text render-
ing quality. For instance, Imagen (Saharia et al. 2022) and
DeepFloyd (DeepFloydLab 2023) use the T5 series to gen-
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erate text better. While these methods are capable of gener-
ating structurally accurate scene text, they demand a large
amount of training data which is not suitable for minority
languages and still lack control over the generated scene
text. Some researchers (Wu et al. 2019; Yang, Huang, and
Lin 2020; Lee et al. 2021; Krishnan et al. 2023) exploit GAN
(Goodfellow et al. 2014) based scene text editing methods
to generate scene text, which is more controllable. However,
these methods are confined to generating scene text at the
string level and do not possess the capability to generate
complete scene compositions.

To tackle these challenges, we propose a training-free
framework, Diff-Text, and a simple yet highly effective
approach for multilingual scene text image generation.
Our proposed framework inherits the off-the-shelf diffusion
model while specializing in text generation by localized at-
tention constraint method along with positive and negative
image-level prompts. Specifically, given a text to be ren-
dered, we first render it to a sketch image and then de-
tect the edge map which is used as the control input of our
model. Our model generates a realistic scene image accord-
ing to the control input and the prompt input which con-
tains a description of a scene. However, the control inputs
are easily treated as grotesque patterns instead of texts on
signs or billboards. Recent research (Hertz et al. 2022) sug-
gests that the input prompts exert their influence on the ob-
ject placement within the generated images via the cross-
attention mechanism. Inspired by this observation, we first
identify the keywords in the prompt that correspond to the
textual region, such as “sign”, “notice”, and “billboard”, and
then constrain the cross-attention maps for these keywords
to the textual region. Furthermore, we introduce a positive
image-level prompt that further refines the placement of the
textual region and a negative image-level prompt that en-
hances the alignment between the generated scene text and
edge image, thereby ensuring greater accuracy in the gener-
ated scene text. Experiments demonstrate the effectiveness
and robustness of our method.

Related Works
Scene Text Generation automates the creation of scene text
images from provided textual content. Notably, SynthText
(Gupta, Vedaldi, and Zisserman 2016) is widely used to train
scene text recognition models. It employs existing models
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Figure 1: Diff-Text has the ability to generate accurate and realistic scene text images from a given scene text of any language
along with a textual description of any scene.

to analyze images, identifies compatible text regions in se-
mantically coherent areas, and places processed text using
a designated font. Furthermore, SynthText3D (Liao et al.
2020) and UnrealText (Long and Yao 2020) generate scene
text images from a virtual realm using a 3D graphics en-
gine. However, these methods directly overlay text onto the
background, resulting in artifacts in text appearing, which
leads to a significant disparity between the synthesized and
real image distributions. Some methods introduce GANs
for realistic image generation. SF-GAN (Zhan, Zhu, and
Lu 2019) introduces geometry and appearance synthesizers
for realistic scene text generation, but struggles with accu-
rate text placement. Scene text editing methods (Wu et al.
2019; Yang, Huang, and Lin 2020; Roy et al. 2020; Zhang
et al. 2021; Lee et al. 2021; Xie et al. 2021; Krishnan et al.
2023; He et al. 2022) attempt tackle this problem. However,
these methods concentrate only on generating the text region
rather than the entire image.

Text-to-Image Generation represents a promising result
that has seen significant progress in generating realistic and
prompt-aligned images (Rombach et al. 2022; Ramesh et al.
2022; Saharia et al. 2022), as well as videos (Singer et al.
2023; Ho et al. 2022; Blattmann et al. 2023; Ge et al. 2023;
Wang et al. 2023a; Chen et al. 2023b; Wang et al. 2023b),
through the application of diffusion models (Ho, Jain, and
Abbeel 2020). GLIDE (Nichol et al. 2022) introduces text
conditions into the diffusion process using classifier-free
guidance. DALL-E 2 (Ramesh et al. 2022) adopts a diffusion
prior module on CLIP text latent and cascaded diffusion de-
coder to generate high-resolution images. Imagen (Saharia
et al. 2022) emphasizes language understanding and pro-
poses to use a large T5 language model for better semantics

representation. Stable Diffusion (Rombach et al. 2022) is an
open-sourced model that projects the image into latent space
with VAE and applies the diffusion process to generate fea-
ture maps in the latent level.

In addition to text conditions, a realm of research explores
controlling diffusion models through image-level condi-
tions. Certain image editing methods (Meng et al. 2021;
Kawar et al. 2023; Mokady et al. 2023; Brooks, Holynski,
and Efros 2023) introduce images to be edited as condi-
tions in the denoising process. Image inpainting (Balaji et al.
2022; Avrahami, Lischinski, and Fried 2022; Lugmayr et al.
2022; Bau et al. 2021) constitutes another type of editing
method, aiming to generate coherent missing portions of
an image based on a specified region while preserving the
remaining areas. Additionally, SDG (Liu et al. 2023) rep-
resents an alternative approach involving extra conditions,
which injects semantic input using a guidance function to
direct the sampling process of unconditional DDPM. Some
methods (Chen et al. 2023a; Ma et al. 2023) utilize textual
layouts or masks as conditions for scene text generation.
However, these approaches need extensive labeled datasets
of scene text for training, which poses a challenge for low-
resource languages.

Moreover, ControlNet (Zhang, Rao, and Agrawala 2023)
and T2I-adapter (Mou et al. 2023) are dedicated to offer-
ing a comprehensive solution for controlling the generation
process by leveraging auxiliary information like edge maps,
color maps, segmentation maps, etc. These methods exhibit
remarkable control and yield impressive results in terms of
image quality. In this work, we perceive scene text gen-
eration as a text-to-image task with supplementary control
(scene text) and incorporate the rendered scene text as an
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Figure 2: Our model employs input text (Itext) of any language to serve as the foreground element. The text is subsequently
rendered into a sketch image, and its edges are detected to derive an edge image, which acts as an input of the control branch.
Concurrently, our model takes in an input prompt (Iprompt) as the description of the background scene. After T denoising
iterations, the model generates the final output image (Oimage). Localized attention constraint and contrastive image-level
prompts are employed in the U-Net block’s cross-attention layer to enhance textual region positioning for precise scene text
generation.

Figure 3: Details of the proposed localized attention con-
straint method. The “×” signifies matrix multiplication,
while “⊙” denotes element-wise multiplication.

image-level condition within the diffusion model.

Methods
Overall Framework
We introduce a training-free scene text generation frame-
work named Diff-Text, applicable to any language. Given an
input text Itext and a prompt Iprompt, our proposed frame-
work can generate scene text images that encompass: (1)
precise textual content of Itext; (2) scenes that align with
the provided prompt Iprompt; and (3) seamless integration
of textual content with the depicted scenes. The architecture
of our framework is presented in Fig. 2 and contains a pre-
processing module, a U-Net branch, and a control branch.

Initially, the provided input text Itext undergoes pre-
processing and is rendered into a sketch image denoted as

Is, depicting black text against a whiteboard backdrop with
a randomly chosen font. Subsequently, the Canny edge de-
tection algorithm is applied to derive an edge image denoted
as Ie. This image, serving as an image-level condition, is
then utilized as input for the control branch. Simultaneously,
the provided input prompt Iprompt is processed by the text
encoder, serving as a text-level condition. Under the guid-
ance of both image-level and text-level conditions, the U-
Net branch predicts the noise zt at time t and utilizes zt to
reconstruct the output image from Gaussian noise.

Due to the independence of control input and prompt in-
put for the U-Net network, there is a risk of incorrect fusion
between image-level and text-level controls. For instance,
the network might mistake the edges of the character “O” as
part of a circular pattern. This issue is particularly prominent
in the generation of scene text images for minor languages.
To address this concern, we introduce a localized attention
constraint method tailored for scene text generation. Simul-
taneously, to ensure a more rational fusion and enhance the
precision of image-level control, we have proposed a con-
trastive image-level prompt. The localized attention con-
straint is utilized to confine the cross-attention maps associ-
ated with text region descriptors from the prompt input, such
as “sign” or “billboard”. These maps are limited to areas
near the text through a pre-processing module that generates
random bounding boxes. Regarding the contrastive image-
level prompt, it comprises a positive image-level prompt and
a negative image-level prompt.

Localized Attention Constraint
Our goal is to place scene text sensibly within scenes, such
as on billboards or street signs. To achieve this, we intro-
duce the localized attention constraint method. As shown
in Fig. 3, during one forward pass at each timestep, we
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Figure 4: Visualizations of scene text generation in English and Chinese, compared with existing methods. The first three
columns represent the generated results of English scene text, while the last three columns depict the generated results of
Chinese scene text.

traverse through all layers of the diffusion model and ma-
nipulate the cross-attention map. The cross-attention map
is denoted as Mt ∈ RHW×dt , where HW refers to the
width and height of zt at different scales, and dt repre-
sents the maximum length of tokens. In the framework, the
positions of text within Is are either user-specified or ran-
domly placed, which means, obtaining the corresponding
text bounding box is straightforward. We use this bound-
ing box to derive a mask image of the text region, which
we define as mbbx ∈ RH×W . Then, assuming that the in-
dices of tokens corresponding to words that may contain
text in the prompt are represented by the set I , we resize
mbbx to HW and compute the new cross-attention map
M∗

t = {λ × M i
t ⊙ mbbx|∀i ∈ I}. Finally, M∗

t is involved
in the calculation of the z∗t−1. After applying the localized
attention constraint, we find a sensible and appropriate posi-
tion to place the scene text. This approach also enhances the
natural integration of foreground text with the background,

resulting in a more realistic scene text generation.

Contrastive Image-level Prompts
The limited availability of images for minority languages
within the training dataset of Stable Diffusion frequently re-
sults in the misinterpretation of edge images as object out-
lines. This misinterpretation often leads to the introduction
of additional strokes, ultimately resulting in unrecognizable
scene text generation. Indeed, the effectiveness of the local-
ized attention constraint method depends on the presence of
objects in the generated image that can accommodate the
placement of text. In other words, if M i

t , i ∈ I approaches
0 and M∗

t remains the same as Mt, the localized attention
constraint will not yield the desired output.

To tackle this issue, we introduce the definition of con-
trastive image-level prompt. In this regard, we consider the
edge image Ie as the foundation of the image-level prompt,
which we extend into a positive image-level prompt (PIP)
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Figure 5: Visualizations of scene text generation in Russian, Thai, and Arabic, compared with existing methods. The first and
second columns present the results of Russian scene text, the third and fourth columns depict Thai scene text, and the final two
columns illustrate Arabic scene text.

and a negative image-level prompt (NIP). The edge image
for PIP is the original edge image incorporating the depic-
tion of a bounding box, while the sketch image for NIP is
purely white. These two conditional inputs, denoted as I

′

e
and ∅, respectively, serve as the basis for the contrastive
image-level prompt. They are then incorporated into the de-
noising process through the following equation:

zt−1 = ϵ̃(zt, Ie, Iprompt)

= ϵ(zt,∅,∅) + scfg(ϵ(zt,∅, Iprompt)− ϵ(zt,∅,∅))

+ sneg(ϵ
′
(zt, Ie, Iprompt)− ϵ(zt,∅, Iprompt)),

ϵ
′
(zt, Ie, Iprompt) = ϵ(zt, Ie, Iprompt)

+ spos(ϵ(zt, I
′

e, Iprompt)− ϵ(zt, Ie, Iprompt)),
(1)

where scfg and sneg are used to finely adjust the respec-
tive effects of the PIP item and NIP item on the predictions,
which will be discussed in our ablation study (see Fig. 6).
PIP provides a subtle hint to the network, compelling it to in-

clude objects suitable for placing scene text in the generated
image. On the other hand, NIP is used to control the clar-
ity and visibility of the scene text. Through this contrastive
image-level prompt, we provide the model with both a neg-
ative direction and a positive direction which enables the
model to generate clear and precise scene text while main-
taining a rational background.

Experiments
Implementation Details
Experimental Settings Our model is built with Diffusers.
The pre-trained models are “runwayml/stable-diffusion-v1-
5” and “lllyasviel/sd-controlnet-canny”. While predicting,
the size of the output images is 512×512. We use one A100
GPU for inference. The localized attention constraint is ap-
plied in both the U-Net branch and the control branch. The
λ in the localized attention constraint is 6.0. The scfg , sneg
and spos are respectively 7.5, 2.0 and 0.1. The wordlist for
localized attention constraint includes “sign”, “billboard”,
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Language Metrics Stable Diffusion DeepFloyd TextDiffuser ControNet Ours

A
ra

bi
c CLIPScore 0.7961 0.7335 0.8084 0.8067 0.8138

Accuracy 0.000 0.000 0.000 3.291 33.13
Edit accuracy 16.65 13.17 11.58 34.80 72.93

T
ha

i CLIPScore 0.7733 0.7926 0.7873 0.8059 0.8164
Accuracy 0.000 0.000 0.000 7.160 38.41

Edit accuracy 10.70 14.51 11.64 36.34 82.97

R
us

si
an CLIPScore 0.7948 0.8201 0.8335 0.8306 0.8632

Accuracy 0.000 0.000 1.375 9.790 39.29
Edit accuracy 14.60 26.05 37.72 39.21 80.58

E
ng

lis
h CLIPScore 0.7879 0.8658 0.8666 0.7334 0.8649

Accuracy 0.083 16.67 43.91 12.88 61.03
Edit accuracy 32.75 66.20 84.84 40.04 89.52

C
hi

ne
se CLIPScore 0.8265 0.8347 0.8201 0.8312 0.8351

Accuracy 0.000 0.000 0.000 5.875 32.40
Edit accuracy 3.890 6.830 9.598 26.81 68.75

Table 1: Quantitative comparison with existing methods across five languages. The bold numbers represent the best results
among all compared methods.

Figure 6: The image-level prompt comprises both positive
and negative components, denoted as spos and sneg , respec-
tively. spos controls the intensity of “sign” occurrences in
the background, while sneg controls the clarity of the scene
text.

and so on. More details are shown in Appx. in https://arxiv.
org/abs/2312.12232.

Evaluation Due to the lack of publicly available multilin-
gual benchmarks, we use multilingual vocabularies in the
work of Zhang et al. (Zhang et al. 2021) and Xie et al.
(Xie et al. 2023) as the input texts and generate correspond-
ing input prompts using chatGPT (Ouyang et al. 2022).
We select five languages and filter out words with fewer
than five characters. From the remaining set, we randomly

choose 3000 words for each language. Ultimately, we gener-
ate 15,000 multilingual images for evaluation for each com-
parative method. We conduct both quantitative and qualita-
tive comparative experiments. In the quantitative compari-
son, we utilize three metrics: CLIP Score (Hessel et al. 2021;
Huang et al. 2021; Radford et al. 2021), accuracy, and nor-
malized edit distance (Shi et al. 2017). To ensure equitable
capabilities across all languages for OCR tools, we use a
multilingual OCR, namely easy-OCR (JadedAI 2020).

Comparison with Existing Methods
In this subsection, we compare our method with existing
open-source methods capable of scene text generation, i.e.,
Stable Diffusion (Rombach et al. 2022), DeepFloyd (Deep-
FloydLab 2023), TextDiffuser (Chen et al. 2023a) and Con-
trolNet (Zhang, Rao, and Agrawala 2023). DeepFloyd uses
two super-resolution modules to generate higher resolution
1024× 1024 images compared with 512× 512 images gen-
erated by other methods. We employ the template-to-image
mode of the TextDiffuser method and utilize our sketch im-
age as the template image.

Quantitative Comparison In the quantitative compari-
son, we selected the following three metrics: (1) CLIPScore
is used to measure the similarity between the generated im-
ages and the input prompts. (2) Accuracy evaluation em-
ploys OCR tools to detect and calculate the recognition ac-
curacy to assess whether the scene text in the generated im-
ages matches the input text. (3) Normalized edit distance
is used to compare the similarity between the scene text in
the generated images and the input text. We demonstrate the
quantitative results compared with existing methods in Table
1. As shown in Table 1, Although training-free, our method
still achieves a competitive CLIP score and significantly en-
hances the recognition accuracy of generated images. For
each specific language, our method demonstrates an average
improvement in accuracy of 25% compared to the existing
method.
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Figure 7: Visualization of ablation experiments on the lo-
calized attention constraint method. The heatmaps illustrate
the average cross-attention map corresponding to different
tokens across all diffusion steps.

Qualitative comparison Fig. 4 and Fig. 5 show the com-
parison between our method and existing methods in gen-
erating scene text images for majority and minority lan-
guages, respectively. From Fig. 4, it can be observed that
for English, which has a significant presence in the training
dataset of existing methods, the generated images possess a
certain level of recognizability. However, Stable Diffusion
and DeepFloyd may exhibit instances of generating multi-
ple or missing characters. TextDiffuser, with the sketch im-
age as an input template, addresses the issue of multiple and
missing characters. Nevertheless, due to insufficient strict-
ness in control, TextDiffuser still encounters problems with
erroneous character generation. Despite utilizing edge im-
ages for strict control, ControlNet still results in the gener-
ation of scene text appearing in unreasonable positions or
having additional strokes. In contrast, our method can gen-
erate clear, precise, and reasonably positioned scene text.
For the languages with a smaller presence in the training
dataset (Chinese, Arabic, Thai, Russian), Stable Diffusion,
DeepFloyd, and TextDiffuser fail to generate recognizable
scene text. TextDiffuser may generate some English letters
instead of similar characters from other languages. Control-
Net still encounters issues of generating text in unreasonable
positions, and when dealing with characters resembling spe-
cial patterns, such as Arabic characters, ControlNet merges
the text with the background, rendering the generated text
unidentifiable. Our method, on the other hand, successfully

Method CLIP Accuracy Edit accuracy

W/o constraint 0.8065 31.42 74.30
W/o PIP 0.7935 27.68 70.92
W/o NIP 0.7718 10.39 50.95

Full model 0.8108 35.48 77.22

Table 2: Quantitative ablation studies on localized attention
constraint and image level prompt. “W/o constraint” denotes
the exclusion of the localized attention constraint method,
“W/o NIP” denotes the exclusion of the negative image-level
prompt, and “W/o PIP” denotes the exclusion of the positive
image-level prompt. The results indicate that our full model
achieves the best generation results.

generates scene text images for all languages.

Ablation Study
To validate the effectiveness of the proposed localized at-
tention constraint and contrastive image-level prompt, we
conduct the ablation study. Table 2 presents the quantita-
tive analysis of the ablation experiments. As demonstrated
in Table 2, it is evident that the full model achieves the best
performance in both the CLIP score and the accuracy of gen-
erated characters. In addition, we also conduct qualitative
analysis for the ablation study, and the results are presented
in Fig. 6 and 7. The seed is fixed at 2345 to generate vi-
sualized results. In Fig. 6, we discuss the impact of differ-
ent parameters for PIP and NIP (i.e., spos and sneg) on the
generated images. From Fig. 6, it can be observed that as
spos increases, the sign in the background becomes more
prominent, but excessively high spos can cause the sign to
appear too pronounced and flat. On the other hand, as sneg
increases, the scene text in the foreground becomes clearer,
but excessively high sneg can result in scene text floating
in unreasonable positions. Fig. 7 showcases the results with
and without our localized attention constraint. It can be ob-
served that when we constrain the cross-attention map cor-
responding to the “sign” and “logo” to the scene text region,
the generated images appear more reasonable and realistic.

Discussion and Conclusion
Currently, the bounding box of the text region is obtained
either through user specification or random generation, and
the tokens in the prompt that require localized attention con-
straint are determined by manually given wordlists. In fu-
ture work, it is possible to integrate these two parts with
GPT4 API for a more rational selection of bounding boxes
and wordlists. However, our model still faces challenges in
generating small-scale scene text and achieving precise text
color control. Moreover, the generated scene text still occa-
sionally includes unintended textual elements.

In this paper, we introduce a training-free framework,
named Diff-Text. This framework is designed to apply to
scene text generation in any language. Localized attention
constraint method and contrastive image-level prompt are
proposed to enhance the precision, clarity, and coherence of
generated scene text images.
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