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Figure 1: Some examples of high-fidelity multilingual scene text images generated by our TextFlux.

Abstract
Diffusion-based scene text synthesis has progressed rapidly, yet existing methods commonly rely on additional visual condi-
tioning modules and require large-scale annotated data to support multilingual generation. In this work, we revisit the neces-
sity of complex auxiliary modules and further explore an approach that simultaneously ensures glyph accuracy and achieves
high-fidelity scene integration, by leveraging diffusion models’ inherent capabilities for contextual reasoning. To this end, we
introduce TextFlux, a DiT-based framework that enables multilingual scene text synthesis. The advantages of TextFlux can be
summarized as follows: (1) OCR-free model architecture. TextFlux eliminates the need for OCR encoders that are specifically
used to extract visual text-related features. (2) Strong multilingual scalability. TextFlux is effective in low-resource multilingual
settings, and achieves strong performance in newly added languages with fewer than 1,000 samples. (3) Streamlined train-
ing setup. TextFlux is trained with only 1% of the training data required by competing methods. (4) Controllable multi-line
text generation. TextFlux offers flexible multi-line synthesis with precise line-level control, outperforming methods restricted to
single-line or rigid layouts. Extensive experiments and visualizations demonstrate that TextFlux outperforms previous methods
in both qualitative and quantitative evaluations. Our code is available at https://github.com/yyyyyxie/textflux.
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Figure 2: TextFlux addresses the common conflict between glyph accuracy and stylistic integration in scene text synthesis. Prior works often
exhibit either glyph errors (first column) or poor visual fidelity and integration (second column). In contrast, TextFlux accurately renders
complex and multi-line text with high fidelity to the scene context (third and fourth columns).

1. Introduction

The synthesis of scene text in this work encompasses both text re-
construction and text editing, aiming to restore or modify textual
content in natural images while preserving the visual fidelity of the
scene. The challenges of this task can be categorized into two core
aspects: first, ensuring the “spelling” accuracy of the generated
text itself – that is, the correctness of its glyph structure; and sec-
ond, naturally and realistically integrating the edited or generated
text into the complex visual contexts of diverse target scenes.

To address the first core challenge (ensuring the accuracy of
the glyph structure), existing methods [CHL∗24a, TXH∗23, ZL23 ,
YGY ∗23, MDC∗24] often introduce specialized textual features
(such as explicit glyph information)as conditions. However, while
leveraging such specialized textual features for strong, specific con-
trol does improve the accuracy of the generated glyphs, it tends to
cause the generated text to appear merely “pasted on” and lack re-
alistic integration with the scene, as shown in the second column
of Fig. 2. To address this issue of overall visual fidelity (the sec-
ond core challenge), some approaches [TGB24 , WZZJ24, ZSL ∗24,
DCC∗25] attempt to establish independentcontrols for distinct vi-
sual attributes such as style, font, and color, injecting corresponding
features as conditions. However, the inherentdiversity, complexity,
and subjectivity of text visual styles make it extremely difficult to
constructa comprehensive universal representationfor them. More-
over, some attributes, such as lighting and texture, are inherently
hard to disentangle, greatly increasing the complexity of model de-
sign and training.

Considering the aforementioned challenges, this paper aims to
explore a new approach to reconcile the conflict between glyph ac-
curacy and realistic integration in scene text synthesis. We observe
that current diffusion models [RBL ∗21, PEL∗23, PX23, Lab24] al-
ready excel in maintaining overall contextual coherence and visual
fidelity in inpaintingtasks. The real challenge lies in enabling them
to “learn to spell” from scratch, especially for complex character
systems like Chinese with its intricate strokes. If the model inher-
ently knew the specific details of glyph structures, it could theoreti-
cally generate text with high visual fidelity. Based on these insights,

we depart from the traditional approach of feature-level condition-
ing and instead turn to the image’s own spatial dimension: by di-
rectly providing a visual glyph reference, we transform the core
task from “learning to spell” to learning how to integrate this
given glyph into the context with a scene-adaptive style. This
simplified learning objective allows the model to focus on the inte-
gration process by leveraging its inherent strengths, rather than on
the complex task of “learning to spell” from scratch.

In this paper, we propose TextFlux, an OCR-free diffusion
framework for multi-language scene text synthesis that eliminates
the need for auxiliary OCR encoders to extract glyph or style fea-
tures, as well as any OCR-related supervision losses. Built upon
the state-of-the-art DiT-based Flux architecture [Lab24], TextFlux
guides the model to adaptively infer and render harmonious text
styles from the scene context. This approach circumvents the
dilemmas faced by existing methods in the definition and con-
trol of various text visual attributes, offering a concise and effi-
cient solution for generating high-fidelity, contextually consistent
text. Furthermore,benefiting from the design of this new paradigm,
TextFlux demonstrates strong capabilities in simultaneously edit-
ing multi-line text, handling multiple languages, rendering com-
plex glyphs, and even achieving zero-shot generalization to char-
acters not seen in the training set. To show more intuitive results,
we also compared TextFlux with several recent commercial image
generation models [Ope25, Goo25, WLZ∗25].

Our main contributions can be summarized as follows:
• We propose TextFlux, an OCR-free diffusion framework for

scene text synthesis. TextFlux introduces essential textual guid-
ance by spatially integrating glyph-rendered visual cues, thereby
eliminating the need for dedicated OCR encoders for various vi-
sual text attributes.

• We demonstratethat TextFlux achieves strong multilingual scal-
ability, especially in low-resource languages, effectively syn-
thesizing text across multiple languages and rapidly adapting
to new, low-resource languages with minimal language-specific
data.

• We enable flexible and controllable multi-line text synthesis
through inherent spatial guidance, allowing precise line-level
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controlover contentand position. Extensive experimentson mul-
tiple benchmarks demonstrate that TextFlux achieves state-of-
the-art performance in multilingual scene text synthesis, outper-
forming existing methods in both visual fidelity and sequence
accuracy.

2. Related Work

2.1. Text-to-Image Synthesis

In recent years, diffusion models have achieved significant success
across various tasks, especially in text-to-image synthesis [DN21,
RBL ∗21, MWX∗24, LLZ ∗24, HXL∗24, GHL∗25], image-to-image
translation [SCC∗22], and image editing [CMGS25 , BHE23 ,
HMT∗22, FMW∗24]. These successes demonstrate the superiority
of diffusion models in the field of image generation. Emerged areas
of exploration include Personalized Generation [RLJ ∗23, RLJ ∗24,
CXL ∗25], Controllable text-to-image (T2I) Generation [ZRA23 ,
LYK ∗24], LLM-assisted T2I [FZF∗23], Style Transfer [WHSX21 ],
and Safety Issues [LST ∗24, WGW∗24]. To further enhance gen-
eration performance, recent studies integrate large-scale trans-
former architectures as the backbone of diffusion models, result-
ing in advanced models like DiT [PX23, Lab24 , CYG∗23]. Among
these architectural innovations, Flux [Lab24], which is based on
flow matching objectives [LCBH∗22], has achieved state-of-the-
art generation results and has been open-sourced. These advance-
ments have subsequently fueled research into the control [TLY∗24,
YKJ ∗24] and acceleration [TXY ∗25, MTJ∗25] of these new archi-
tectures.

2.2. Scene Text Synthesis

Despite the rapid development of diffusion models, these general
methods often face limitations when generating scene text. Early
researchers pointed out that text encoders play a crucial role in
generating accurate text. To address this issue, Imagen [SCS ∗22],
eDiff-I [BNH∗22], and DeepFloyd [Dee23] utilized large-scale lan-
guage models (e.g., T5-XXL [CHL∗24b]) to optimize text spelling
capabilities. UDiffText [ZL23 ] attempts to train a text encoder
aligned with visual text features to replace the text encoder in
CLIP [RKH∗21], thereby enhancing the glyph-awareness. How-
ever, improvements on text encoders bring only limited gains in
text rendering quality within diffusion models, especially for non-
Latin scripts.

As a result, more scene text synthesis methods [ZCW∗24,
TXH∗23, MDC∗24, WLQ∗25, GLL ∗25] are focused on designing
specialized condition control modules specifically tailored to vi-
sual text. GlyphDraw [MZC∗23] initially used glyph images as
condition control and rendered characters at the center. GlyphCon-
trol [YGY ∗23] further extended this approach by spatially align-
ing the glyph rendering position with the actual text generation
position. TextDiffuser [CHL∗23] trained an additional OCR en-
gine to generate segmentation masks, which are used for condi-
tion control. AnyText [TXH∗23] inherited the design philosophy
of condition control from GlyphControl and expanded it to mul-
tilingual versions. DreamText [WZZJ24] further introduced addi-
tional control conditions such as different fonts to enhance the ren-
dering capability of visual text. Besides these methods, some ap-
proaches [FLW∗25, ZSL ∗24] aim to reduce the difficulty of visual

text editing by cropping the text to be edited and only processing
text lines. Although these methods significantly improve character
accuracy, they often sacrifice visual fidelity in text generation due
to the lack of context integration with the entire image.

Although the various OCR encoders proposed by the aforemen-
tioned methods enhanced the effectiveness of scene text synthesis,
they also led to architectural redundancy and optimization difficul-
ties due to excessive conditioncontrol. Moreover, the overemphasis
on OCR characteristics often results in a loss of fidelity. In the new
wave of control and acceleration based on the latest DiT series of
architectures [Lab24 , PX23], this paper seeks to shift the paradigm
away from using specialized condition control modules (OCR en-
coders) in scene text synthesis. Instead, it introduces a novel ap-
proach that leverages contextual information from the image itself
to achieve scene-adaptive and visually coherent text generation.

2.3. Text Rendering in Recent Commercial Models

Recently, commercial image generation models have gar-
nered increasing attention, exemplified by models such as
Seedream2.0 [GHL∗25], Seedream3.0 [GGG∗25], GPT-
Image-1 [Ope25], Qwen-Image-Edit [WLZ∗25], and Nano
Banana [Goo25]. These models have demonstrated remarkable
capabilities in text rendering. However, they still confront several
limitations. For instance, Nano Banana [Goo25] excels in English
text rendering with high consistency but struggles with non-Latin
languages like Chinese. Qwen-Image-Edit [WLZ∗25] performs
well in editing both English and Chinese text but exhibits clear
limitations with Japanese and Korean, particularly in rendering
complex glyphs and precisely locating small text. While GPT-
Image-1 [Ope25] boasts relatively strong text rendering abilities,
its consistency is often suboptimal. Consequently, specialized
research remains essential for multilingual scene text synthesis.
The experimental section of this paper furtherdetails a comparative
analysis of our proposed methodagainst these commercial models.

3. Methodology

3.1. Preliminary

While U-Net has been the dominant architecture in early diffu-
sion models, recent works like FLUX-1 [Lab24], Stable Diffusion
3 [RBL ∗21], and PixArt [CYG∗23] have explored the Transformer-
based DiT architecture [PX23]. These DiT models scale well to
larger sizes and demonstrate an improved ability to understand
the overall context and relationships within the images. Notably,
OmniControl[TLY∗24] and In-Context LoRA [HWW∗24] further
suggest that DiT-based architectures inherently possess contextual
reasoning capabilities. These insights motivate a new perspective
on control mechanisms specifically for scene text synthesis, where
contextual understanding plays a key role. Among the DiT-based
architectures, FLUX-1-Fill-de v [Lab24] is an inpainting-oriented
variant that supports flexible conditioning. In this design, the stan-
dard DiT input—noisy image tokens X ∈ RN×d and text condi-
tioning tokens Tc ∈ RM×d—is extended for the inpainting task by
introducingmasked image tokens Xi ∈ RN×d and binary mask to-
kens Xm ∈ RN×4d resulting in an augmented visual sequence:

Z = Concat({X,Xi,Xm},dim=−1). (1)
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Figure 3: Overview of TextFlux. We propose an OCR-free scene text synthesis method that spatially concatenates glyph-rendered text with
the original image as model input, enabling the diffusion transformer to leverage its inherent context-awareness to render text in the masked
regions.

The sequence Z, along with the text conditioningtokens Tc, is then
fed into the DiT blocks. This architecture serves as the foundation
of TextFlux.

Figure 4: Traditional methods employ OCR encoders to extract and inject
various visual text features (e.g., font, glyph, color) as conditions. TextFlux
streamlines the process by directly providing spatial glyph cues.

3.2. Motivation

Recent diffusion-based scene text synthesis methods typically em-
ploy additional visual conditioningmodules named OCR encoders,
as shown in Fig. 4 (left). Although the design of these approaches
seems reasonable, they possess several critical limitations. First,
integrating diverse OCR encoders considerably increases model
architecture complexity. The text-specific feature representations
may be alien to the general pre-trained diffusion model, neces-
sitating extensive learning from scratch and complicating opti-
mization. Second, the aforementioned optimization difficulty of-

ten demands large-scale annotated datasets [TXH∗23, CHL∗23]
and prolonged training, hindering scalability, especially for low-
resource languages. Third, the use of OCR-based modules typi-
cally leads to the requirement of additional specialized loss func-
tions [CHL∗23, TXH∗23], significantly increasing the implemen-
tation complexity and computational cost. Last but not least, the
heavy reliance on these modules biases the model towards fitting
the specific OCR representations. This could potentially lead the
model to overlook the broader scene context, ultimately undermin-
ing the visual fidelity and naturalintegration of the synthesized text.
It is similar to the “pasted-on” appearance discussed in the Intro-
duction section.

In summary, the proposed TextFlux consists of the following ad-
vantages: 1) By eliminating the reliance on OCR encoders, both ef-
ficiency and architectural simplicity can be achieved. 2) Our train-
ing strategy focuses on enabling the diffusion model to adapt a pro-
vided glyph to the scene image context, which can be markedly
simplified by our new paradigm. 3) We significantly lessen the
dependency on large-scale annotated data, especially for multilin-
gual settings. Thus, even in low-resource scenarios, excellent per-
formance can be achieved with only minimal additional data (e.g.,
adapting to new languages). A key insight serves as the foundation
for our proposed TextFlux’s simplified paradigm: pretrained dif-
fusion transformers inherently possess strong capabilities for con-
textual reasoning and visual understanding,which we leverage by
concatenating glyphs spatially.

3.3. TextFlux

Based on the above-mentioned analyses, we utilize FLUX.1-Fill-
dev [Lab24], an inpainting-orientedvariant from the DiT family,
to develop TextFlux, a scene text synthesis system that supports
multilingual scenarios through an efficient concatenation scheme.
The overall architecture is illustrated in Fig. 3. We describe the
system from the perspective of input construction.

Model Input. Our method prepares the glyph-guided image input
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Figure 5: Visualization of the multi-line layout used in multi-line text syn-
thesis and the concatenation method used in single-line text synthesis.

for the diffusion model. First, the target text is rendered as white
foreground on a black background to create a binary glyph mask
Iglyph . Second, Iglyph is spatially concatenated with Iscene (e.g., ei-
ther vertically or horizontally) to form the combined input Iconcat.
This input structure enables the model to directly observe the pre-
cise glyph template alongside the full scene context.

Glyph Design. The design of the glyph mask (Iglyph) is handled in
two distinct ways depending on the text layout:

For multi-line text, its layout should be taken into account. For
each text region in the image that is defined by polygon coordinate
labels, we use Pillow, a widely used Python imaging library, to ren-
der the text within the bounding box of the polygon. Subsequent
rotation and scaling operations are applied to precisely constrain
the text within the specified polygonal area. The resulting rendered
text is shown in Fig. 5(a).

For single-line text, complex layout handling is unnecessary.
Therefore, the text is rendered directly onto a single-line image
strip, as shown in Fig. 5(b). This approachnot only reduces compu-
tational overhead during inference but also provides a clear glyph
representation, which is particularly advantageous for small target
regions.

Prompt design. Following the paradigm of in-context learning in
diffusion models [HWW∗24], we additionally provide a descrip-
tive text prompt to accompany each input image. The prompt is
designed to clarify the roles of the two concatenated images and
the target text content. It follows the template: "The pair of images
highlights some white words on a black background, as well as their
style on a real-world scene image. [IMAGE1] is a template image
rendering the text, with the words {words}; [IMAGE2] shows the
text content {words} naturally and correspondingly integrated into
the image." Here, "{words}" is replaced by the actual text to be ren-
dered. During training, this promptguides the model to understand
the semantic relationship between the glyph template and the scene
image.

Consequently, by spatially concatenating Iglyph and Iscene into a
unified input Iconcat, TextFlux offers a direct and information-rich
visual guidance mechanism. Then, this conditional image is con-

catenated with a noise image and a mask to form the complete in-
put for the diffusion model, as described in Equation 1. This design
enables the model to concentrate on its well-developed pre-trained
capabilities for contextual understandingand visual fusion, facili-
tating the efficient synthesis of high-quality scene text.

3.4. Model Training and Inference

To train the model, we adopt a flow-matching objective as intro-
duced in the Flux framework [Lab24]. Given a clean latent rep-
resentation x0 , a noise vector z1 ∼ N (0,I), and a noise scale σt
associated with the random time step t, the noisy latent input is
generated by convex interpolation:

xt = (1−σt)x0 +σt z1. (2)

The model is trainedto predict the velocity between x0 and z1 , with
the training loss defined as:

LFM = Et,x0 ,z1

[
ωt · ∥v̂θ(xt , t,c)− (z1 −x0)∥2

2

]
, (3)

where v̂θ is the model prediction, ωt is a time-dependentweighting
factor, and c includes the conditioningfeatures such as the concate-
nated image, text prompt embeddings, and inpainting mask fea-
tures. No additional perceptual loss is used, keeping the training
objective simple and stable.

During the inference stage, as illustrated in Fig. 3, the user pro-
vides three inputs: a scene image to be edited, a binary mask in-
dicating the target text region, and the desired text content. The
pipeline automatically generates a glyph-based template image,
concatenates it with the inputscene image, and feeds the result into
the model. The output image is cropped to remove the template
region, resulting in the final edited scene image.

3.5. Implementation Details

Our method is built on the pre-trained FLUX.1-Fill-de v, a latent
rectified flow transformer model for image synthesis. For training,
we set the batch size to 1 and use the gradient accumulation of 8.
We employ the AdamW optimizer with a constant learning rate of
2e-5, runningfor 30,000 iterations in total. Since resolution is criti-
cal for scene text tasks, we develop a specialized data augmentation
approach by resizing the image’s longer side to 512, 640, 768, 896,
or 1024, thus obtaining input images of various resolutions. During
training, we directly mix data from different languages.

We train two versions of TextFlux. The first one employs full-
parameter training on two A100 (80 GB) GPUs; to support this
computational scale, we utilize DeepSpeed ZeRO-Stage 2 for
memory optimization. The second version is trained via LoRA on
a single A100 (80 GB) GPU with a LoRA rank of 128.

4. Experiment

4.1. Datasets and Evaluation Metrics

Datasets. In previous studies, large-scale datasets are commonly
employed for multilingual visual text generation tasks. For in-
stance, the AnyWord-3M [TXH∗23] dataset contains approxi-
mately three million publicly sourced multilingual images, while
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Table 1: Quantitative comparison of multi-line text synthesis metrics against baselines. We use Sequence Accuracy (SeqAcc) as the main
evaluation metric to measure recognition correctness. The best scores are highlighted in bold. The second-best results are underlined. FID
and LPIPS are computed on the ReCTS dataset. The User Study (US) is conducted to capture human evaluations regarding the overall quality
of generated images (score range: 0–10). Detailed FID and LPIPS results on other datasets, as well as additional Normalized Edit Distance
(NED) results, are provided in the appendix.

Method SeqAcc-Recon (%)↑ SeqAcc-Editing (%)↑ FID↓ LPIPS↓ US↑
AnyWord(EN) AnyWord(CH) TotalText ReCTS AnyWord(EN) AnyWord(CH) TotalText ReCTS

Flux [Lab24] 43.0 9.3 29.5 4.8 11.6 0.0 11.5 0.0 18.25 0.1431 4.5
AnyText [TXH∗23] 14.8 24.1 6.5 20.6 13.7 19.2 4.6 18.5 22.57 0.4095 3.8
AnyText2 [TGB24 ] 23.7 28.1 15.5 25.2 17.0 24.2 15.0 23.6 21.75 0.3054 4.3

TextFlux(LoRA) 76.7 50.8 62.3 56.6 61.1 32.8 35.4 32.1 12.09 0.1038 7.4
TextFlux 77.3 61.4 62.9 64.1 63.8 40.7 36.2 37.2 11.02 0.0975 8.0

Table 2: Quantitative comparison of single-line text generation metrics against baselines, where ’*’ indicates results obtained by generating
single-line text using a multi-line layout.

Method SeqAcc-Recon (%)↑ SeqAcc-Editing (%)↑
AnyWord(EN) AnyWord(CH) TotalText ReCTS AnyWord(EN) AnyWord(CH) TotalText ReCTS

TextDiffuser-2 [CHL∗24a] 57.7 2.9 27.1 3.8 39.4 0.0 21.8 0.0
UdiffText [ZL23 ] 68.6 6.2 36.7 7.3 58.5 0.0 31.7 0.0
DreamText [WZZJ24] 69.6 6.5 36.7 7.6 58.5 0.0 31.8 0.0
AnyText [TXH∗23] 34.8 31.7 11.4 36.2 30.9 28.4 10.5 30.4
AnyText2 [TGB24 ] 45.1 35.9 20.5 41.5 42.0 37.5 21.3 34.6
Flux [Lab24] 53.6 6.6 63.2 10.0 42.1 0.0 41.6 0.0
Flux-Text [LBD ∗25] 81.0 71.9 66.4 68.5 54.9 50.8 44.4 44.5

TextFlux(LoRA)* 80.1 52.7 66.1 63.4 55.5 36.8 45.0 37.2
TextFlux* 80.3 62.3 65.3 68.5 56.2 48.2 41.9 40.6
TextFlux(LoRA) 78.9 58.8 65.0 69.3 56.8 41.0 42.0 48.4
TextFlux 79.3 64.3 66.0 71.9 59.0 52.2 44.1 51.5

the MARIO-10M [CHL∗23] dataset comprises around ten million
images that are primarily in English, thougha small portionmay in-
clude other languages. In contrast to these large-scale datasets, we
use a relatively small training set of 30,405 images: approximately
10,000 in English, 15,000 in Chinese, and 1,000 each for Japanese,
Korean, French, German, and Italian. Specifically , the English data
primarily come from MLT2017 [MLT19], TotalText [CCL20 ], and
CTW1500 [CCL20 ] training sets commonly used in OCR-related
tasks [XQG∗24, YZZ∗23]; the Chinese data are mainly derived
from the ReCTS [ReC19] and RCTW [RCT17] trainingsets; the re-
maining languages are obtained from the MLT2019 [MLT19] com-
petition data.

For validation, we use the test set provided in [TXH∗23] from
the AnyWord-3M dataset, which includes 1,000 English and 1,000
Chinese images. To further evaluate our method under more chal-
lenging conditions, we additionally include two harder test sets:
TotalText [CCL20 ] test set for English, featuring 300 images with
curved and arbitrarily shaped text, and the ReCTS [ReC19] test
set for Chinese, consisting of 2,000 real-world images with di-
verse and complex layouts. These datasets provide a more rig-
orous benchmark for assessing the robustness and generalization
capability of our method, particularly under complex and diverse
text conditions. Additionally, to showcase more intuitive results
from TextFlux, we compared it with some existing closed-source
and open-source commercial diffusion models in Sec 4.3, such as

GPT-Image-1 [Ope25], Nano Banana [Goo25], and Qwen-Image-
Edit [WLZ∗25]. The results are presented in Table 3, and all test
results were evaluated manually.

Evaluation. We evaluate our method on two tasks: scene text re-
construction and scene text editing. In scene text reconstruction,
the text image is reconstructed by rendering text in the masked
region using the words directly from the ground truth text labels.
In scene text editing, the original words in the labels are replaced
with a random word. For evaluation, we use off-the-shelf scene
text recognition (STR) models to calculate recognition accuracy,
primarily measured by Sentence Accuracy (Sen. Acc), with addi-
tional analysis using Normalized Edit Distance (NED) provided in
the appendix.

To further evaluate the difference between synthetic and real im-
ages, we use Frechet Inception Distance (FID) and Learned Percep-
tual Image Patch Similarity (LPIPS) to assess the visual fidelity of
the generated images. In addition, we conduct a user study, where
participants are asked to rate the generated results on a scale from
0 to 10, based on overall visual quality and realism. The aver-
aged user scores serve as a subjective evaluation to complement
the quantitative metrics.
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Figure 6: Comparison of scene text synthesis methods: AnyText, AnyText2, and our TextFlux. More results are available in the appendix.

4.2. Quantitative and Qualitative Results

Quantitative results. In our experiments, we adopt the evaluation
metrics outlined in Section 4.1. Multi-line text synthesis presents
unique challenges, including stronger contextual interference, po-
tential mask region overlap, and difficulties in precise positional
alignment. Therefore, we provide metrics separately for multi-line
(Table 1) and single-line (Table 2) scenarios. The single-line results
were obtained by randomly sampling three text instances from the
multi-line dataset examples and generating them individually.

As shown by the multi-line metrics in Table 1, our method con-
sistently outperformsthe baseline approaches across all metrics and
four benchmark datasets. Even the lightweight LoRA-tuned ver-
sion surpasses all baselines, demonstrating the effectiveness and
adaptability of our approach. When fully trained, our model par-
ticularly excels in Chinese text synthesis. On the SeqAcc-Recon
metric, it achieves scores of 61.4 for AnyWord(CH) and 64.1 for
ReCTS. Furthermore,on the more difficult SeqAcc-Editing metric,
its performance on Chinese text, scoring 40.7 on AnyWord(CH)
and 37.2 on ReCTS, also substantially exceeds that of baseline
methods. Note that methods such as TextDiffuser-2 [CHL∗24a],
UDiffText [ZL23], and DreamText [WZZJ24] are excluded from
Table 1 as they are inherently restricted to single-line generation.
Turning to the single-line metrics in Table 2, we are able to include

these single-line specialized methods and the concurrent work
Flux-Text [LBD ∗25] for a more comprehensive comparison.As ob-
served, while the concurrent Flux-Text shows strong performance
in English reconstruction likely due to similar backbone architec-
tures, TextFlux achieves state-of-the-art results in multilingual set-
tings and editing tasks (e.g., surpassing FluxText by 7.0 points
on ReCTS Editing). Furthermore,regarding the rendering strategy,
employing the single-line text renderingapproachachieves a 10.9%
improvement in accuracy on the ReCTS editing task compared to
the multi-line text rendering approach. This gain primarily stems
from the clearer and more stable supervisory signals provided by
the single-line text renderingapproach, especially when the masked
regions are particularly small. Notably, while the base Flux model
is incapable of generating Chinese text, exhibiting zero accuracy on
this task, the application of our methodunlocks its multilingual text
generation capabilities, achieving performance significantly supe-
rior to existing approaches.

Qualitative results. Fig. 6 shows multilingual text synthesis results
generated by TextFlux under various challenging conditions, such
as complex backgrounds, curved text, and handwrittenstyles. The
visualizations demonstrate that TextFlux significantly outperforms
existing methods in terms of character accuracy and image fidelity.
In most cases, the generated results are nearly indistinguishable
from real images. Additionally, we demonstrate the zero-shot ca-
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Figure 7: Comparison of our method TextFlux with commercial image generation models: GPT-Image-1, Nano banana, and Qwen-
Image-Edit. GPT-Image-1 shows poor consistency and may modify text outside the desired editing area. Nano banana exhibits significant
limitations with non-Latin languages. Qwen-Image-Edit performs well in English and Chinese but demonstrates clear limitations in local-
ization and other non-Latin languages. TextFlux demonstrates leading performance in scene text synthesis.

pability in the appendix, which can render languages not included
in the training set, such as minority languages.

We showcase zero-shot visualization results in Fig. 8, where the
model, tasked with generating text unseen during training, consis-
tently demonstratesstrong text renderingcapabilities. These results
suggest that our model does not merely memorize and reproduce
trained glyphs but has instead learned a more generalizable and
profoundcapability: to stylistically fuse any given visual glyph ref-
erence with the scene context. This generalizable capability is also
key to TextFlux’s efficiency in handling multilingual text and its
strong adaptability to low-resource languages.

Table 3: SeqAcc-Editing results on 55 challenging, manually an-
notated images, where the test set features characteristics such as
complex glyphs, small text, and arbitrarily shaped text.

Method SeqAcc-Editing(%)

GPT-Image-1 [Ope25] 60.0
Nano Banana [Goo25] 36.7
Qwen-Image-Edit [WLZ∗25] 38.2
TextFlux(LoRA) 67.2
TextFlux 71.0

4.3. Comparative Analysis with Commercial Models

We manually evaluated 55 images, encompassing five languages:
English, Chinese, Japanese, Korean, and German, with 15 images

Table 4: SeqAcc-Recon results on the ReCTS and TotalText datasets
using different training strategies.

Strategy ReCTS TotalText

No Concat + LoRA 5.2 29.8
Concat + No Train 9.2 26.2
Concat + LoRA 54.6 62.3
Concat + Full-Param 64.1 62.9

Table 5: Evaluating different text encoders based on SeqAcc-Recon
results when provided with empty input prompts.

CLIP T5 ReCTS TotalText

✓ ✓ 64.1 62.9
✗ ✓ 64.0 62.7
✓ ✗ 63.8 55.5
✗ ✗ 63.6 55.1

for Chinese and 10 images for each of the remaining languages.
All evaluations were conducted manually, primarily serving as a
stress test to assess model performance under challenging condi-
tions. For English, which is generally considered simpler, the test
set included 5 arbitrarily-shaped texts and 5 small texts. The Chi-
nese set comprised 5 text synthesis tasks of normaldifficulty, 5 with
complex glyphs, and 5 with small texts. For languages other than
English and Chinese, images of general difficulty were used. The
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Figure 8: Zero-shot synthesis of unseen scripts and characters. The results include rare Chinese characters not present in training and also
demonstrate successful generation in Mongolian (Cyrillic script) and Russian, which are languages the model has never seen. These results
highlight the generalization ability of TextFlux to novel glyphs.

Output Image

Masked Scene Image
Universal Glyph Input

Figure 9: Effectiveness of style adaptation. By injecting the identical glyph mask into different contexts, TextFlux renders significantly
different styles, proving its capability for high-fidelity contextual reasoning beyond simple glyph pasting.

final visual results and quantitative metrics are presented in Fig. 7
and Table 3, respectively.

As shown in Fig. 7, although commercial image generation mod-
els demonstrate strong performance, they still face several chal-
lenges. For instance, while GPT-Image-1 [Ope25] demonstrates
good character accuracy, the visual results in Fig. 7 clearly indi-
cate a severe degradation in image consistency, with some orig-
inally correct characters even being erroneously altered. Qwen-
Image-Edit [WLZ∗25] exhibits strong performance in Chinese and
English but shows lower accuracy for other languages. Nano Ba-
nana [Goo25], while demonstrating exceptional English editing
capabilities, performs less robustly across other Latin-script lan-
guages. Overall, TextFlux demonstrates strong performance under
these stress-test conditions. On one hand, this highlights the im-
portance of masks for precise text localization: mask-free methods
struggle with small text, and prompt-only generation in blank re-
gions is often unreliable. On the other hand, it reveals that current
commercial image generation models remain largely confined to
simple cases. Specialized research is therefore still essential for
tackling more challenging tasks, such as multilingual scene text
synthesis.

It is worth noting that during evaluation, a sample is considered
positive if the target text to be edited is correctly modified—even if
other parts of the image contain errors. For instance, even though
GPT-Image-1 may erroneously alter characters elsewhere, it is still
counted as a positive sample as long as the specific characters re-
quiring prediction are correctly generated. To ensure robustness in
evaluation, we generate two outputsfor each inputimage. A sample
is considered positive if at least one of the two generations correctly
edits the target text.

4.4. Ablation Study

Effectiveness of Concatenation Strategies We first analyze the
impact of the proposed concatenation strategy and different fine-
tuning approaches, with results presented in Table 4. (1) Training
directly on the original images without concatenation (No con-
cat + LoRA) achieves a very low sequence accuracy of 5.2% on
ReCTS, failing to generate readable Chinese text, indicating the
base model’s limitation. (2) Using the concatenation strategy with-
out further training (Concat + No train) shows a basic ability to
renderChinese. (3) Applying LoRA fine-tuningafter concatenation
(Concat + LoRA) achieves remarkable performance), highlighting
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Figure 10: Visualization of general inpainting tasks using Flux and
TextFlux under the same prompt and mask conditions. Prompt texts
are shown on the right.

the effectiveness of glyphs as contextual cues even with limited
parameter updates. (4) Full-parameter fine-tuning (Concat + Full-
Param) yields the best results, confirming the strategy’ s scalability
and its ability to fully unlock multilingual capabilities.

Impact of Text Encoders on Text Rendering Quality We inves-
tigate the necessity of text encoders for text rendering in TextFlux,
given its primary reliance on visual contextual reasoning. While
prior works often emphasize the importance of powerful language
modeling in text-to-image generation tasks, we aim to revisit this
assumption in the specific context of multilingual visual text gen-
eration. Therefore, we train the model by setting the prompts of
CLIP or T5 to empty during training to examine the role of tex-
tual guidance. Interestingly, as shown in Table 5, our results re-
veal that removing either the CLIP or T5 encoder individually leads
to only marginal changes in rendering performance for non-Latin
scripts. For Latin-based languages, removing the T5 encoder re-
sults in a 7.4% performance drop, but the overall rendering qual-
ity remains at a high level. These findings suggest that for diffu-
sion models equipped with strong contextual reasoning capabili-
ties, high-quality text rendering can be achieved solely guided by
visual context. For future work aiming to furtherenhance non-Latin
text generation capabilities, developing a more efficient text en-
coder for non-Latin scripts remains a potential research avenue.

Visual Analysis of the "Copy-Paste" Effect. We introduce Fig. 9
as a qualitative ablation study to validate the generation mecha-
nism. The figure demonstrates that, even when provided with iden-
tical style-less glyph inputs, TextFlux generates a diverse range of
results, ranging from simple to highly stylized, by adaptively re-
sponding to the complexity of different scene contexts. This pro-
vides intuitive evidence that our method effectively leverages the

model’s robust contextual reasoning capabilities for high-fidelity
integration, rather than merely performing a simple "copy-paste"
operation.

4.5. Qualitative Comparison with Flux on General Inpainting
Tasks

To furtherassess the scalability of TextFlux, we evaluate its general
inpainting capability against the original Flux model. Specifically ,
we select the first few sample images from the evaluation bench-
mark provided in the official Flux codebase [Lab24] and compare
TextFlux with Flux under identical mask and prompt conditions.
As shown in Fig. 10, TextFlux achieves inpainting performance on
par with Flux in handling various types of inpainting tasks.

Specifically , in the first line of the Fig. 10, TextFlux can accu-
rately understand the prompt “a black man wearing yellow, jeans
overalls” and perform a natural and reasonable clothing replace-
ment. The generated result even surpasses the original Flux in terms
of visual style and background consistency. In the reconstructionof
imaginary objects (such as “a green alien”), detail restoration(such
as replacing with “a blueberry”), and animal editing tasks (such as
“a cat with black fur”), the generation quality of TextFlux is also
comparable to Flux.

These results show that although TextFlux is designed for text
image synthesis tasks, its adaptation ability in general inpainting
scenarios is still preserved. This lays a foundationfor extending the
method in this paper to broader multi-modal image editing tasks in
the future.

5. Conclusion and Limitations

In this paper, we propose TextFlux, an OCR-free methodthat lever-
ages the inherent capabilities of diffusion models to address the
intrinsic conflict between generating precise glyph structures and
achieving contextually consistent styles. The method not only of-
fers architectural simplicity and significant data efficiency, but also
demonstrates strong performance across various aspects, including
multilingual support, multi-line editing, complex glyph rendering,
and zero-shot generalization. This enables straightforward exten-
sion to a wider range of low-resource languages, thereby laying the
groundwork for enhanced language accessibility in scene text syn-
thesis.

However, our method still has some limitations. First, although
only approximately 1% of typical training data is required, training
a Flux-based model remains computationally expensive (about four
days of training on two 80GB A100 GPUs). Future work could ex-
plore more efficient training strategies, such as parameter-efficient
fine-tuning, sparse training, or architecture search, to reduce com-
putational costs. Second, the performance of our TextFlux is still
unsatisfactory in the task of scene text synthesis for cursive lan-
guages, where character representations may differ based on their
positions or connections (such as Arabic and Hindi). Addressing
this may require more fine-grained guidance, such as stroke-based
guides, to better capture the dynamic natureof these scripts. We are
planning to address them in our future work.
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