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Abstract

Scene text editing aims to modify text in a target
region of an image while preserving surround-
ing background style and texture. Existing meth-
ods rely solely on image background information
while neglecting the visual details of target re-
gions, which discards stylistic features in the orig-
inal text and essentially degrades the task to text
rendering. Moreover, the conditions imposed by
pre-trained glyph encoder limit the scope of ed-
itable text. To address these issues, this paper pro-
poses a self-prompting scene text editing method
that constructs style and glyph prompts directly
from the original image, without introducing addi-
tional style or glyph encoders. We employ a two-
stage training strategy: the diffusion transformer
is first trained on large-scale self-supervised data
and then refined using a small set of paired im-
ages. By leveraging the in-context learning capa-
bility of the Multi-Modal Diffusion Transformer
(MM-DiT), it achieves open-vocabulary and style-
consistent text editing. Experimental results on
various languages demonstrate that our method
achieves the state-of-the-art performance in both
text accuracy and style consistency. Our project
page: hongxiii.github.io/mstedit.

1. Introduction

Scene text editing is a specialized yet fundamental image
editing task that aims to modify textual content in natural
scene images while strictly preserving glyph correctness
and visual consistency with the surrounding context. By
formulating text modification as targeted content generation
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Figure 1. Comparison of previous OCR-based text edit and our
proposed self-prompting text edit.

within localized text regions, scene text editing naturally
aligns with image inpainting, while imposing additional
constraints on semantic fidelity, typographic structure, and
cross-modal consistency. Driven by recent advances in
diffusion-based image inpainting, recent methods (Tuo et al.,
2023; 2024; Zeng et al., 2024; Wang et al., 2025a;b) have
made notable progress in scene text editing. However, these
methods inherit the intrinsic limitations of inpainting-based
formulations: they struggle to capture fine-grained glyph
structures—particularly for logographic scripts and rare lan-
guages—and inevitably discard visual information within
the original text regions. As a result, edited outputs often
suffer from character distortion and degraded consistency
in style and texture with respect to the source text.

The main challenge in scene text editing lies in capturing
the glyph features of target text. An intuitive approach is to
utilize a pre-trained optical character recognition (OCR) (Du
et al., 2020) feature extractor as the glyph encoder. However,
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as OCR systems are inherently designed as classifiers, their
fixed vocabularies fundamentally limit the scope of scene
text editing, whereas a glyph encoder trained from scratch
relies on massive image data. In addition, existing methods
take the design paradigm of image inpainting for text editing,
which discards the original information of the target region.
As a consequence, the generated text often fails to preserve
the pre-editing style and instead borrows stylistic cues from
surrounding regions. As illustrated in Figure 1(a), although
previous methods have modified the red word ”Charmander”
to the target word ”Superpower”, the target text retains the
same blue font as the surrounding text, thereby losing its
original stylistic texture.

To address these issues, this paper proposes a self-prompting
open-vocabulary text editing method. We capture glyph
features at the stroke level rather than the character level,
without the need for additional encoders. We leverage the
in-context learning capability of the Multi-Modal Diffu-
sion Transformer (MMDIT) (Labs, 2024) to to enhance the
model’s generalization performance. This design enables
the model to adapt to complex real-world scenarios and
support diverse languages with only a small-scale paired
dataset, while simultaneously ensuring strict style consis-
tency between the original and edited text. As demonstrated
in Figure 1(b), our method successfully modifies the red
word ”Charmander” to the red word ”Superpower”. Notably,
the edited text retains the original color, font, and texture
of the target region, even though the surrounding text in the
background remains blue.

Specifically, for input prompt construction, we generate a
high-fidelity glyph map by rendering the target text, which
serves as the glyph prompt to guide text content generation.
Concurrently, we extract the original pixel information from
the target text region in the input image to form a style
prompt, which encodes the unique color, texture, and font
style of the original text. These two prompts are then con-
catenated with the full input image to form a multi-modal
input tensor for the MMDIT backbone. Second, we freeze
the model’s encoder and decoder components and exclu-
sively train the backbone using large-scale self-supervised
image-text datasets. This step equips the model with fun-
damental text inpainting capabilities without overfitting to
specific text styles. Finally, we utilize a mask-free image
editing tool to collect and filter high-quality paired image
datasets, where each pair consists of an original image and
its corresponding style-consistent edited version. These
curated datasets are then used for the cooldown training,
during which the model learns to align the generated text
with the original style of the target region.

The main contributions of our proposed self-prompting
scene text edit can be summarized as follow:

* We achieve open-vocabulary text editing by in-context

learning to capture stroke-level features from rendered
glyph images, rather than character-level features.

* We enhance pre- and post-editing style consistency
of the target text via cooldown training on a limited
amount of paired data, without introducing additional
style encoders.

» Extensive experiments on the AnyWord-3M and MST-
Edit datasets demonstrate that our method outperforms
existing methods in text accuracy and style fidelity
across 13 evaluated languages.

2. Related Work

2.1. Image Inpainting

Image Inpainting aims to fill missing image regions with
visually coherent and semantically plausible content while
remaining consistent with surrounding context. Early meth-
ods rely on patch-based propagation and GAN-based en-
coder—decoder architectures with structural priors such as
partial or gated convolutions and contextual attention (Liu
et al., 2018; Yu et al., 2018; 2019). More recent advances
are dominated by diffusion-based approaches, which can
be categorized into sampling-based methods that modify
the denoising process in a training-free manner (Avrahami
et al., 2022; Lugmayr et al., 2022), and fine-tuning-based
methods that explicitly encode masks and masked images
to improve content and shape awareness (Rombach et al.,
2022; Manukyan et al., 2023; Zhuang et al., 2024). To
balance performance and generality, recent plug-and-play
designs decouple masked image conditioning from genera-
tion, enabling effective inpainting without retraining entire
diffusion backbones (Zhang et al., 2023; Ju et al., 2024).

Image inpainting serves as the foundation of scene text
editing, where accurate background restoration is crucial for
consistent text synthesis.

2.2. Scene Text Editing

Scene text editing extends image inpainting by jointly re-
quiring background restoration and geometry- and style-
consistent text synthesis. Early methods (Roy et al., 2020;
Yang et al., 2020; Qu et al., 2023) adopt multi-stage GAN-
based pipelines with explicit geometric or stroke priors,
offering controllable edits but suffering from poor general-
ization and error accumulation in complex scenes. Recent
methods (Tuo et al., 2023; 2024; Wang et al., 2025b)employ
pre-trained OCR models as glyph encoders to capture
character-level structures. While this design improves glyph
awareness, it inherently restricts generalization to charac-
ters outside the fixed OCR vocabulary. In contrast, Flux-
Text (Lan et al., 2025) and TextFlux (Xie et al., 2025) re-
move glyph encoders and instead render glyphs directly
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within masked regions to extract visual features; however,
the spatial extent of the target region can hinder the accurate
capture fine-grained glyph details. Despite their differences,
these methods largely adhere to an image inpainting formu-
lation that discards the original text region, leading to the
loss of pre-existing style information and degraded stylis-
tic consistency during editing. TextCtrl (Zeng et al., 2024)
employs a text style encoder to capture color, font, texture,
and background features from the original text. However,
the representation mismatch between the glyph-structure en-
coder and the VAE image latent space restricts the method’s
scalability beyond isolated text regions.

Differing from existing methods, our method directly con-
structs style and glyph prompts from the original image with-
out additional encoders, thereby enabling open-vocabulary
and style-consistent text editing.

3. Method
3.1. Preliminary

Our method is built upon FLUX-Fill (Labs, 2024), an
inpainting-oriented variant of MMDiT, which formulates
image editing as a conditional rectified flow process in the
latent space and employs a transformer-based architecture
to jointly reason over visual content, spatial structure, and
textual semantics under multimodal conditions.

Masked Image Construction. Given an input image I €
RA*W>3 and a binary mask M € {0,1}7*W indicating
the target text region, FLUX-Fill first constructs a masked
image

L, =16(1-M), o
where ® denotes element-wise multiplication. The masked
image I, preserves the visual context outside the editable
region while removing the original content within the target
area. Both the original image I and the masked image I,
are encoded into latent representations using a frozen VAE
encoder, producing visual tokens that serve as the input
to the diffusion transformer. The binary mask M is also
embedded and provided to the model as an explicit spatial
prior, enabling region-aware generation during denoising.

Text Prompt Encoding. FLUX-Fill employs two comple-
mentary text encoders to extract semantic guidance from
textual prompts. Specifically, a T5 encoder is used to pro-
cess the full natural-language prompt, capturing high-level
semantic intent and contextual information. The result-
ing embeddings are injected into the diffusion transformer
through cross-attention layers, guiding global content gen-
eration and scene-level consistency. In parallel, a CLIP
text encoder is used to encode concise textual descriptors
that emphasize visual alignment, such as object names or
short phrases. CLIP embeddings primarily serve to enhance
vision—language alignment and stabilize the correspondence

between generated content and visual context.

Dual-Stream and Single-Stream Transformer. The core
of FLUX-Fill is a hybrid transformer design that alternates
between dual-stream and single-stream blocks. In the dual-
stream transformer blocks, visual tokens and text tokens
are processed in separate streams with independent self-
attention operations. Cross-attention is then applied to en-
able information exchange between modalities, allowing the
model to align textual semantics with spatially grounded
visual representations while maintaining modality-specific
feature structures.

After cross-modal interaction, the architecture transitions
to single-stream transformer blocks, where visual and text
tokens are concatenated into a unified token sequence and
processed jointly.

Rectified Flow Objective. Let zy denote the clean latent
representation obtained from the VAE encoder and z; ~
N (0, T) be Gaussian noise. A noisy latent z; is constructed
via rectified flow interpolation at timestep ¢, and the model
is trained to predict the velocity field connecting z; and zq:

»CRF - Et,zo,zl H{)O(Ztat7 C) - (21 - ZO)”g ) (2)

where ¢ denotes the multimodal conditioning inputs, in-
cluding visual tokens, text embeddings, and spatial mask
information.

3.2. Overall Architecture

Our method explicitly disentangles text style and text con-
tent through dedicated visual and textual prompts, while
fully leveraging the in-context learning capability of the
MMDIT backbone. An overview of the proposed architec-
ture is shown in Figure 2.

Style Prompt Construction. To preserve the visual appear-
ance of the original text, we construct a style prompt from
both visual and textual perspectives.

Given an input image I € R¥>*W>3 and a binary mask

M € {0,1}*W indicating the target text region, we
compute the maximal enclosing bounding rectangle of the
masked area and crop the corresponding region from I to ob-
tain the visual style prompt [5. This cropped patch encodes
region-specific appearance information, such as color, tex-
ture, font characteristics, and local illumination, and serves
as a visual reference for style preservation.

For style text prompt, we encode the input text description
using the CLIP text encoder. Together, the visual and textual
style prompts enable the model to infer and preserve the
intrinsic style of the target text region without introducing
additional style-specific encoders.

Glyph Prompt Construction. To guide the generation
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Figure 2. Overview of our proposed method.

of target text content, we construct a glyph prompt that
explicitly represents the desired textual structure.

Specifically, the target text is rendered into a single-line
glyph image using the Pillow library, producing a white-
on-black glyph map I,,. This high-contrast representation
preserves fine-grained stroke-level geometry and provides
explicit structural guidance for complex glyphs across dif-
ferent languages and scripts, reducing the burden on the
diffusion model to learn character structures from scratch.

For glyph text prompt, we encode the target text string using
the TS5 text encoder. The resulting embeddings capture
high-level semantic and syntactic information of the target
text and are injected into the MMDIiT backbone through
cross-attention, guiding content-aware generation.

Denoising Process. The visual glyph prompt I,, visual
style prompt I, and masked image I,,, are concatenated
along the channel dimension to form the composite visual
input

Tinput = Concat(Iy, I, I,)

The composite input is encoded by a frozen VAE encoder
&() to obtain the latent representation zg, which is pro-
cessed by the MMDIT backbone together with the textual
glyph and style embeddings.

After the denoising process, the predicted latent represen-
tation is decoded by the VAE decoder D(-) to produce an
edited image. Since the masked image is used only for
conditioning, the final output is obtained by cropping the
decoded result to the spatial region corresponding to the
target text area.

3.3. Cooldown Training

Existing OCR-based datasets discard original text ap-
pearance by masking target regions, providing only self-
supervised rendering signals and limiting style preservation.
To enable style-consistent text editing under limited paired
data, we adopt a two-stage cooldown training strategy.

We first construct a paired image dataset tailored for style-
aware learning. Specifically, we leverage an instruction-
based image editing model (Nano Banana Pro ') to generate
edited images conditioned on explicit editing instructions.
Each data pair consists of an original image and a corre-
sponding edited image, in which only the target text region
is modified while all other regions are strictly preserved. To
ensure data reliability, we manually filter the generated pairs
and retain only samples that satisfy the following criteria:

* Non-target regions remain unchanged.
» The generated text content is semantically accurate.

* The edited text preserves consistent style, color, and
texture with respect to the original text.

Self-supervised Pretraining. We first pretrain the model
on the AnyWord-3M dataset, which provides large-scale
self-supervised data for multilingual scene text rendering.
During this stage, the optimization objective follows Eq. 2,
where the conditioning includes multimodal visual and tex-
tual inputs.

Cooldown Training. Inspired by MECO (Gao et al., 2025),
we treat the original text region in the input image as meta-
information during training. We continue training from the

'"https://nanobanana.im/nano-banana-pro
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pretrained checkpoint using a curated paired dataset con-
sisting of 4,000 manually filtered image pairs. Each pair
contains an original image and a corresponding edited image
with style-consistent text replacement. Detailed construc-
tion process are provided in Appendix C. The comparison
between data used by pre-training and cooldown stage is
shown in Figure 3

To mitigate the degenerate optimization where original text
region features unduly dominate the target region (leading
the model to replicate both original style and glyphs), we
design a target-region-oriented training objective for the
cooldown stage. This objective restricts the learning signal
to localized text transformations, prompting the model to
decouple style preservation from content regeneration in
optimization.

Let 25" and z(t)gt denote the latent representations of the
source image and its corresponding edited image, respec-
tively. We construct an interpolated latent variable

sSrc

2= (1—04) 25 + o0 2, 3)

where o, € [0, 1] is a time-dependent interpolation coeffi-
cient. The model is trained to predict the velocity field that
connects the source and target latents by minimizing

Lop =i [[loo(zt.0) = (5 =) [5] . @

where the conditioning c includes the original text region as
meta-information through the style prompt.
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Figure 3. A comparison between data used by standard pre-training
and cooldown training.

4. Experiment

4.1. Experimental Setup

Datasets. We adopt AnyWord-3M (Tuo et al., 2023) as the
large-scale benchmark dataset. Its training set contains 1.6M

Table 1. Composition of the MST-Edit dataset.

Source Dataset Language # Images
Arabic 1,000
French 1,000
German 1,000
Korean 1,000
ICDAR-19 Japanese 1,000
Italian 1,000
Bengali 1,000
Hindi 1,000
RusTitW Russian 3,795
ThaiOCRBench Thai 2,808
Swahili-STR Swahili 985

Chinese images, 1.39M English images, and 10K images
spanning Japanese, Korean, Arabic, Bengali, and Hindi. The
test split includes 1,000 Chinese and 1,000 English images,
and is denoted as AnyText-benchmark.

We further construct a Multi-lingual Scene Text Editing
Dataset (MST-Edit) by aggregating multiple publicly avail-
able multilingual datasets, including ICDAR-19 (Nayef
et al., 2019), RusTitW (Markov et al., 2023), ThaiOCR-
Bench (Nonesung et al., 2025), and Swahili-STR (Douamba
et al., 2024). Detailed statistics of the dataset composition
are summarized in Table 1. We randomly split 20% of
MST-Edit for testing, with the remainder used for training.

Evaluation metrics. For textual accuracy, Sentence Ac-
curacy (Seq. ACC) quantifies the correctness of generated
text at the sentence level, and Normalized Edit Distance
(NED) measures character-level similarity between the gen-
erated and target text. For visual fidelity, Fréchet Inception
Distance (FID) (Seitzer, 2020) quantifies the distribution
alignment of generated and real images in the Inception-v3
feature space, and Learned Perceptual Image Patch Similar-
ity (LPIPS) (Zhang et al., 2018) measures the L2 distances
between perceptual VGG-based deep features.

Implementation Details. All experiments are conducted
on a cluster with 8 NVIDIA A100 GPUs. Our model is
initialized from FLUX.1-Fill-Dev?. During training, we
freeze the VAE, CLIP text encoder, and T5 text encoder,
and update only the transformer parameters. We follow the
default FLUX configuration, using a fixed guidance scale of
30 and 30 sampling steps for both training and inference.

Training is conducted in two stages. We first train the model
on AnyWord-3M for one epoch, followed by a 10-epoch
cooldown phase on the paired image dataset. Multilingual
data are jointly mixed without language-specific scheduling.
We use the AdamW optimizer with a constant learning rate

https://huggingface.co/
black-forest-labs/FLUX.1-Fill-dev
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Table 2. Quantitative results on AnyText-benchmark. Bold indicates the best result and underline indicates the second best.

English Chinese
Method
Sen. Acc(f) NED(T) FID(]) LPIPS({) Sen.Acc(?) NED({) FID({) LPIPS{)
TextDiffuser (Chen et al., 2023) 0.5176 0.7618  29.76  0.1564 0.0559 0.1218  34.19  0.1252
AnyText (Tuo et al., 2023) 0.6843 0.8588  21.59 0.1106 0.6476 0.8210  20.01 0.0943
TextCtrl (Zeng et al., 2024) 0.5853 0.8146 3573  0.1978 0.3580 0.6084  49.79  0.2298
AnyText2 (Tuo et al., 2024) 0.7915 0.9100 29.76 0.1734 0.7022 0.8420 26.52 0.1444
GlyphMastero (Wang et al., 2025a) 0.8170 - - - 0.7301 - - -
FIUX-Text (Lan et al., 2025) 0.8175 0.9193 12.35 0.0674 0.7213 0.8555 1241 0.0487
TextFlux (Xie et al., 2025) 0.8231 0.9235 1342  0.0721 0.7289 0.8612 13.67  0.0524
Our method 0.8857 0.9568 7.62 0.0365 0.8249 0.9147 7.95 0.0268
of 2x 1075, bf16 mixed precision, and 8-bit optimizer states. Aa Mothods
The per-GPU batch size is 1 with gradient accumulation over 0.801 A O FluxText
8 steps, resulting in an effective batch size of 64, and all A A AA el
experiments are conducted with a fixed random seed of 42. A
0.751 0 °
4.2. Quantitative Result O .O o
We perform quantitative experiments under both bilingual O g m ®
(Chinese/English) and multilingual (non-Chinese/English) 0.707 ] ®
settings. For Chinese and English, we evaluate our method A
against state-of-the-art methods (Chen et al., 2023; Tuo A
et al., 2023; 2024; Zeng et al., 2024; Wang et al., 2025a; Xie 0.651 Languages
et al., 2025; Lan et al., 2025) on the AnyText-benchmark. O  Arabic O Bengali
Japanese Hindi
For non-Chinese/English languages, we re-implement two b o e 0 |
OCR-free baselines (Xie et al., 2025; Lan et al., 2025) and 0.601| O German O Swanili o ©
compare them with our method on the MST-Edit dataset, Italian ©

which covers the remaining 11 languages.

Table 2 reports the quantitative results on the AnyText bench-
mark. Based on these results, we make the following obser-
vations:

(1) Overall performance. Our method achieves the best
performance across all metrics on both the English and Chi-
nese subsets, consistently outperforming existing methods.

(2) Text accuracy. Compared with the second-best method,
TextFlux, our approach improves sentence-level accuracy
from 0.8231 to 0.8857 on English and from 0.7289 to 0.8249
on Chinese. The NED score is also increased from 0.9235 to
0.9568 and from 0.8612 to 0.9147, respectively, indicating
improved preservation of fine-grained glyph structures.

(3) Image quality. More significant gains are observed on
image quality metrics. Our method reduces FID to 7.62/7.95
and LPIPS to 0.0365/0.0268 on English/Chinese, surpassing
the strongest baselines and demonstrating superior visual
fidelity and stylistic consistency.

The experimental results on MST-Edit are illustrated in
Figure 4. Overall, our method consistently outperforms
the two OCR-free baselines across all evaluated languages,
demonstrating a clear method-level advantage. From a cross-

22 24 26 28 30 32 34 36

Figure 4. Quantitative comparison of OCR-free methods on MST-
Edit, with Seq. ACC on the Y-axis and FID on the X-axis.

lingual perspective, languages belonging to the Latin script
family (e.g., French, German, and Italian) generally achieve
better performance, which can be attributed to their shared
alphabetic structures and similar stroke patterns. In con-
trast, languages with more complex glyph compositions
and diverse stroke layouts, such as Thai, tend to exhibit
relatively lower performance. These results suggest that
character structural complexity plays an important role in
multilingual scene text editing, while our method remains
robust across diverse writing systems. Complete results on
MST-Edit are provided in the Appendix A.

4.3. Ablation Study

We conduct ablation studies to analyze the effect of style
prompts and to investigate potential cross-lingual negative
interference in multilingual scene text editing.

To analyze the impact of style prompts, we conduct an abla-
tion study by removing visual style prompts from the image
input and textual style prompts from the text input, while
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Table 3. Ablation study on the effect of the cooldown stage.

Metric w/o Cooldown w/ Cooldown

< Sen. Acc (1) 0.8738 0.8857

% NED (1) 0.9470 0.9568

s FID() 11.56 7.62
LPIPS () 0.0608 0.0365

o Sen. Acc (1) 0.8125 0.8249

$ NED (1) 0.8906 0.9147

5 FID () 12.01 7.95
LPIPS () 0.0425 0.0268

0.80

a——

_déf_./
0.65 /

Language
—e— Arabic —e— Bengali
French Hindi
0.60 German —e— Russian
Korean Thai
—e— Japanese  —e— Swahili
Italian

0.55
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Figure 5. Effect of the number of introduced languages on Seq.
ACC of initially introduced languages.

disabling the cooldown training described in Section 3.3.

Results on the AnyText benchmark are reported in Table 3.
With the cooldown stage enabled, FID is reduced from 11.56
to 7.62 on English and from 12.01 to 7.95 on Chinese, while
LPIPS decreases from 0.0608 to 0.0365 and from 0.0425
to 0.0268, respectively. In contrast, improvements in text
accuracy are relatively modest. These results indicate that
style prompts, reinforced by the cooldown stage, primarily
improve image quality, while offering complementary gains
in text accuracy.

We investigate the impact of progressively incorporating
additional language data on earlier-introduced languages
using a cyclic training protocol, in which languages are
sequentially added in the order Arabic, English, French,
Chinese, German, Korean, Japanese, Italian, Bengali, Hindi,
Russian, Thai, Swahili.

Empirically, Seq. ACC remains stable and exhibits a consis-
tent upward trend as additional languages are introduced, as
illustrated in Figure 5. This behavior is consistent with our
design principle of learning stroke-level visual primitives
rather than language- and character-specific representations:

“HOT SUMMER”

w/o Cooldown source image

w/ Cooldown

Figure 6. Comparison of scene text edit results with and without
style prompts.

shared low-level stroke structures across writing systems are
reinforced by multilingual exposure, leading to improved
generalization. Complete numerical results are provided in
the Appendix A.

Figure 6 presents qualitative image editing results with and
without style prompts. It can be observed that both settings
accurately generate the target text without erroneous strokes.
However, in the left example, when the style prompt is re-
moved, the target text “HOT SUMMER” is rendered using a
font style that does not appear in the original image, leading
to noticeable stylistic inconsistency. In the right example,
although the result without style prompts renders the target
text “& 7" using a font consistent with the surrounding
text, it fails to preserve the original text background. In
contrast, the setting with style prompts produces target text
that more faithfully restores both the original font style and
background, resulting in higher visual fidelity.

4.4. Qualitative Result

We conduct a qualitative comparison with representative
multilingual scene text editing methods, including Any-
Text2 (Tuo et al., 2024), TextFlux (Xie et al., 2025), and
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Figure 7. Qualitative results across Chinese, English, Korean, Japanese, Thai, and Russian.

FluxText (Labs, 2024).

As shown in Figure 7, our method consistently generates ac-
curate target text across different scripts, preserving correct
character structures and visual consistency. More specifi-
cally, results on Russian, Japanese, and Thai demonstrate
the effectiveness of our method on long-tail languages with
complex and diverse writing systems. In particular, our ap-
proach better preserves the original text style in the “fifi /<
EH example, and remains robust in the “GOOD DOG!”
case, where the masked region extends beyond the target
text, introducing minimal unintended modifications to non-
target regions. These observations indicate that our method
generalizes well across languages while enabling precise
and controlled text editing under challenging conditions.

5. Conclusion

This paper presents a self-prompting diffusion transformer
framework for open-vocabulary scene text editing that pre-
serves both textual correctness and visual style consistency
by exploiting in-context information from the original im-
age. By directly constructing glyph and style prompts from
the input image, the proposed approach enables coherent
text generation that remains faithful to the surrounding font
appearance, layout, and visual context, without introducing
additional glyph or style encoders. Extensive experiments
on large-scale multilingual benchmarks demonstrate that
our approach achieves strong performance across diverse
languages and scripts, while maintaining robustness under
progressive language expansion without negative transfer.
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Overall, this paper provides a unified and scalable solution
for multilingual scene text editing, and establishes a founda-
tion for extending style-consistent editing to more complex
and diverse real-world scenarios.

Impact Statement

This work studies scene text editing, which aims to modify
textual content in images while preserving visual style and
background consistency. The proposed method advances the
flexibility and robustness of text editing across languages
and scripts, which may benefit applications such as graphic
design, content creation, and multilingual visual communi-
cation.

At the same time, like other image editing and generative
techniques, scene text editing could be misused to alter vi-
sual content in misleading or deceptive ways. This work is
intended for research purposes, and we encourage respon-
sible use in accordance with existing ethical guidelines for
generative models and visual media editing.
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Supplementary Material

A. Full Numeric Results
A.1. Comparison with General Image Editing Models

We additionally compare our method with several recent general-purpose image editing models, including Qwen-Image-
Edit (Wu et al., 2025), Longcat-Image-Edit (Team et al., 2025), and FireRed-Image-Edit (Team et al., 2026). Since these
methods are designed for instruction-based editing rather than mask-guided editing, direct comparison is not entirely
straightforward. To enable evaluation, we convert our task into an instruction-based setting using prompts such as: “replace
the original text ‘XXX’ with ‘YYY’.”

English ‘ Chinese
Seq. Acc NED FID LPIPS \Seq. Acc NED FID LPIPS

Qwen-Image-Edit-2509  0.6902  0.7422 24.20 0.1985 | 0.6288 0.6982 26.02 0.1985
Qwen-Image-Edit-2511  0.7082  0.7893 23.95 0.1874 | 0.6623 0.7102 24.29 0.1832

Method

Longcat-Image-Edit 0.6725 0.7210 25.60 0.2050 | 0.6015 0.6750 27.80 0.2070
FireRed-Image-Edit-1.1  0.7375 0.8125 21.80 0.1720 | 0.6880 0.7355 22.90 0.1705
Ours 0.8857 0.9568 7.62 0.0365 | 0.8249 0.9147 7.95 0.0268

Table 4. Comparison with general image editing models on English and Chinese benchmarks.

Table 4 show a consistent ranking across different settings:Ours > FireRed > Qwen-2511 > Qwen-2509 > LongCat.

Our method achieves superior performance in text accuracy, localization, and stylistic consistency. We attribute this
advantage mainly to the explicit mask-guided formulation, which directly constrains the editable region and avoids the
implicit region inference required by instruction-based methods. In contrast, general editing models often suffer from
localization and semantic errors, such as editing incorrect regions, incomplete replacement, unintended synonym substitution,
or failure to preserve the original typography and layout. These issues become more evident in multilingual scene text
editing, where accurate glyph rendering and precise spatial control are critical.

A.2. Complete Experimental Results on the MSTEdit Dataset

The complete experimental results corresponding to Figure 4 are presented in Table 5. We additionally include OCR-based
baselines, including AnyText2 and TextCtrl. However, these methods are not specifically designed for multilingual scene
text editing, and their OCR modules mainly support Chinese and English text, resulting in relatively limited performance on
broader multilingual editing scenarios.

AnyText2 TextCtrl FluxText TextFlux Ours

Language
Seq. ACC  FID Seq. ACC FID Seq. ACC FID Seq. ACC FID Seq. ACC FID
Arabic 0.108 75.2 0.110 74.9 0.698 335 0.705 30.0 0.762 23.0
Japanese 0.074 78.8 0.073 79.1 0.604 32.0 0.610 29.0 0.670 22.0
Korean 0.086 80.2 0.088 79.8 0.602 35.0 0.610 315 0.678 24.0
French 0.227 70.1 0.226 714 0.735 325 0.744 29.8 0.808 22.0
German 0.216 71.6 0.218 72.3 0.742 34.5 0.738 30.8 0.805 22.5
Italian 0.220 70.5 0.219 71.7 0.730 31.0 0.735 28.5 0.800 21.5
Bengali 0.093 80.7 0.094 80.4 0.708 34.0 0.710 30.2 0.785 233
Hindi 0.100 76.2 0.099 76.4 0.702 30.5 0.713 27.8 0.790 21.0
Russian 0.087 78.4 0.089 78.1 0.705 34.0 0.708 30.9 0.775 24.5
Thai 0.061 81.5 0.060 81.8 0.588 32.0 0.595 29.0 0.672 22.0
Swahili 0.204 75.2 0.206 76.9 0.700 36.0 0.706 32.0 0.772 25.0
AVG 0.0978 77.9 0.0984 77.9 0.68 332 0.69 29.6 0.76 22.8

Table 5. Multilingual text editing performance comparison across different methods.

The complete experimental results corresponding to Figure 5 are presented in Table 6. Following the predefined language
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Table 6. Seq. ACC of initially learned languages under incremental multilingual training. Languages are added sequentially in the
following order: Arabic — English — French — Chinese — German — Korean — Japanese — Italian — Bengali — Hindi — Russian
— Thai — Swahili. Each column denotes the performance after introducing an additional language.

Number of Languages Seen (Sequential Steps)
1 2 3 4 5 6 7 8 9 10 11

Arabic  0.6812 0.6987 0.7121 0.7094 0.7113 0.7215 0.7198 0.7517 0.7589 0.7612 0.7596
French  0.7423 0.7491 0.7486 0.7615 0.7592 0.7713 0.7689 0.7917 0.7888 0.7909 0.8124
German 0.7096 0.7112 0.7089 0.7123 0.7216 0.7288 0.7321 0.7819 0.7897 0.8014 0.8098
Korean 0.5931 0.6017 0.6024 0.6392 0.6415 0.6387 0.6511 0.6623 0.6589 0.6698 0.6812
Japanese 0.6094 0.6321 0.6313 0.6422 0.6389 0.6415 0.6398 0.6427 0.6411 0.6589 0.6713
Italian ~ 0.7315 0.7398 0.7422 0.7489 0.7716 0.7687 0.7812 0.7794 0.7821 0.7986 0.8015
Bengali 0.7089 0.7115 0.7312 0.7298 0.7421 0.7389 0.7417 0.7719 0.7794 0.7812 0.7786
Hindi 0.6917 0.6994 0.7215 0.7189 0.7486 0.7521 0.7589 0.7697 0.7723 0.7688 0.7912
Russian  0.7113 0.7098 0.7124 0.7391 0.7415 0.7389 0.7422 0.7398 0.7411 0.7617 0.7689
Thai 0.5715 0.5898 0.5912 0.6124 0.6189 0.6215 0.6197 0.6589 0.6612 0.6578 0.6694
Swahili  0.6792 0.6815 0.6789 0.7012 0.6994 0.7117 0.7398 0.7689 0.7713 0.7694 0.7812

Start

list, we progressively introduce new language data in a cyclic order during training.

A.3. Detailed ablation of glyph prompt & style prompt & cooldown

We conduct an ablation study to evaluate different prompt setting, including fext-only, text+glyph, text+style, and
text+glyph+style, across two training stages: pretraining and cooldown. Experiments are performed on both English
and Chinese benchmarks. In the cooldown stage, we further compare the effects of paired and unpaired supervision.

The results on Table 7 can be summarized as follows: (1) The text-only setting performs the worst, as no structural or visual
reference is provided. (2) In pretraining, text+glyph achieves the best performance, while adding the style prompt degrades
results, likely because the source and target texts are identical, which leads to overfitting and copying behavior. (3) In the
cooldown stage, text+glyph under both w/o paired and w/ paired yields comparable performance, indicating a continuation
of pretraining; text+style provides limited gains due to missing structural guidance, whereas combining glyph and style with
paired data yields the most significant improvement.

These findings motivate our strategy of glyph-only prompt on self-supervised data, followed by joint glyph and style prompt
with paired data in the cooldown stage.

Language| Setting | Pretrain Stage | Cooldown Stage
| | | w/o paired | w/ paired
| Glyph Style | Seq. ACC FID | Seq. ACC FID | Seq. ACC FID
X X 0.4127  28.73 - - - -
Enelish v X 0.8738 11.56 | 0.8788 11.52 0.8785 11.55
g X v 0.5236  22.48(0.5243 22.48(-0.001) | 0.5248 22.48(-0.001)
v v 0.5412  18.20 | 0.5440 18.22(-0.019) | 0.7982 10.69
X X 0.3563 31.28 - - - -
Chinese v X 0.8125 12.01 | 0.8176 11.97 0.8169 12.01
X v 0.4687 24.16 | 0.4678(-0.001) 24.19(-0.030) | 0.4695 24.12
v v 0.4879  19.43|0.4911 19.47(-0.040) | 0.7426 11.82

Table 7. Ablation study of glyph and style prompts on English and Chinese benchmarks. Glyph and Style denote the glyph and style
prompts, respectively. w/o paired indicates training with self-supervised (unpaired) data, while w/ paired denotes training with paired data.
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B. Visualization Results

B.1. Out-of-vocabulary (OOV) Instances

Manually design characters. We further manually design a set of synthetic symbol characters that do not exist in real-world
writing systems and use them as target texts for evaluation. Figure 8 show that our method still achieves visually coherent
and structurally plausible editing results on these previously unseen characters. This observation suggests that our method
primarily learns stroke-level compositional representations rather than relying solely on character-level memorization.
Consequently, even for non-existent characters, the model can still generate reasonable glyph structures as long as they share

common stroke patterns with existing characters.

(a) Source Image

(b) Target Image

Glyph
ri/l\J Attention
o N
AZ57 8 e TsAy rSA) il rSAN)
4 Hp I ’/m"‘% o ﬁgﬁg% G _’lj;‘% 5 ﬁ% e
kﬁtﬂﬁﬁ] HEAR | snae | JhRB | buns

Figure 8. Results of manually designed stroke editing.

Out-of-vocabulary (OOV) characters. We collect 537 rare characters that are not supported by standard OCR vocabularies
and conduct a dedicated evaluation on these OOV cases. The complete OOV vocabulary collected in this work is illustrated
in Figure 9. Figure 10 results demonstrate that our method still maintains strong performance on the OOV vocabulary, even
though these characters rarely appear in existing datasets.

RSB ERERMAZEAEENANCEAEBRRBYRAAREBEERTFME RAES E B & @M
BEREEKILIBRRHE BiGH SRESRUERSEFTREESEEREERRHNRENBEERDR
EEHKENTH RERNLEERRENEABREERRREMARRABREEERERRRAREERN
BEKBEEOCHONEBEL R IRECRAREBAMELRERERAENRABTERNELFRIEMER
ANBRBZRFEREAV ERSPREELVBEEN AL NEAR N EHRBEREFESRAZEE
BRERHERPENREERE A SRR ENHBR A PR R ERE EEE R R B B A AR -
EREIAGRESHERERRE SXEERERNELARECANERXAURHELREFHREY
HMIFRERTEEERIMB R M RRBIZERIUABAAKRFA R DT ABEREBRENMER
THAMEXBEN R ARESRZEDR FEHNEERAAEZNNEREIREZLERFERERFE
BT EHMEGMBERUL B TR ERTREIREEELEMNERERIERAERREERH Y
LEEEEHEERBREERWEREREN NEB AR OB RER RS FEERITHBBIREE RS
RYRGINBEAE TR HERERBERNEBEARRREREE —_v<oOM I ==<>»0

Figure 9. Out-of-vocabulary character set.
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Input Image ‘B A E” “HEHR B ““—_ v Tl Ve 404 28 707
i

“H AR T “CEE R YT A “REEE R “ER R

“ Bl 4 AR MR EE R “ER B “HRE R “HE R A

“HEE HR AR AL “HmmmE” REES iGN “CLe N T I “=z=,4£,*0°

Figure 10. Out-of-vocabulary text editing results. The top-left panel shows the input image, where the original text reads & &t ZbFE”.

B.2. Multilingual Text Editing

For the languages covered in MSTEdit, we provide additional visualization results of our method on several representative
language groups, including English/Chinese (Figure 11), Japanese/Korean (Figure 12), and Thai/Russian (Figure 13). The
red boxes indicate the target mask regions for text editing.

B.3. Performance on long text

Using Chinese and English as representative examples, we present text editing results with text lengths ranging from 2 to 20
characters. As shown in Figure 14, the performance gradually degrades when the text length exceeds 16 characters, mainly
reflected in artifacts such as stroke distortion and reduced structural consistency. For even longer text editing scenarios,
segmented editing provides a practical solution. Nevertheless, compared with existing approaches, our method still supports
substantially longer text editing while maintaining favorable visual quality and textual consistency.
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Figure 11. Qualitative results on chinese and english text editing.
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Figure 12. Qualitative results on japanese and korean text editing.
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Figure 13. Qualitative results on thai and russian text editing.
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Figure 14. Text editing results under different text lengths.
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C. Paired Dataset Construction for Cooldown Training

The paired dataset used in the cooldown stage is constructed using Nano Banana Pro based on real-world images containing
at least one visible text instance. For each image, a single target text region is selected and edited to form an original—edited
image pair. In total, more than 15,000 candidate pairs are generated, restricted to Chinese and English text editing scenarios.
To ensure high-quality supervision, all generated samples undergo a rigorous human filtering process based on three criteria:
 Editing correctness: the source text must be accurately replaced by the target text.
» Style consistency: the edited text should preserve the original font, texture, color, and other visual attributes.
* Content preservation: all non-target regions should remain unchanged.
After filtering, annotators further annotate the edited text regions with bounding boxes, which are used to derive training

masks. The final dataset contains 4,000 high-quality image pairs selected from over 15,000 candidates, with more than
11,000 samples discarded during filtering. The entire process involves 10 annotators over approximately two months.

D. Failure Cases

The failure cases of our method mainly fall into three scenarios: few-to-many editing, many-to-few editing, and multi-line
text editing.

* Few-to-many editing. When the mask region originally covers only a small amount of text but the target text contains
substantially more characters, the generated characters are forced to fit within the limited mask area, leading to artifacts
such as character compression and stroke distortion, as illustrated in Figure 15.

* Many-to-few editing. When the mask region originally covers a large amount of text but the target text contains
significantly fewer characters, excessive blank regions may cause the model to generate hallucinated characters or
redundant strokes to adapt to the mask layout, as shown in Figure 16.

e Multi-line text editing. When the mask region spans multiple lines of text, the generated results often fail to preserve
a proper multi-line layout, as shown in Figure 17. This limitation mainly arises because the glyph prompts are rendered
in a single-line format, preventing the model from adaptively performing line wrapping during generation.

& ARE/N\BRE “BIRTHDAY"

“UPFS0+ B3 PRI “ERRE-T R

s SUBR A S BH AR

UPFS50+B IR L N
2

Figure 15. Few-to-many character editing results.
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EH " BRI

s EGRE” "B

Figure 16. Many-to-few character editing results.

“SH” WK T R

AR “GOOD MORNING”

Figure 17. Multi-line text editing results.
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