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Abstract

Centred on content modification and style preservation, Scene Text Editing (STE)
remains a challenging task despite considerable progress in text-to-image synthesis
and text-driven image manipulation recently. GAN-based STE methods generally
encounter a common issue of model generalization, while Diffusion-based STE
methods suffer from undesired style deviations. To address these problems, we
propose TextCtrl, a diffusion-based method that edits text with prior guidance
control. Our method consists of two key components: (i) By constructing fine-
grained text style disentanglement and robust text glyph structure representation,
TextCtrl explicitly incorporates Style-Structure guidance into model design and
network training, significantly improving text style consistency and rendering
accuracy. (ii) To further leverage the style prior, a Glyph-adaptive Mutual Self-
attention mechanism is proposed which deconstructs the implicit fine-grained
features of the source image to enhance style consistency and vision quality during
inference. Furthermore, to fill the vacancy of the real-world STE evaluation
benchmark, we create the first real-world image-pair dataset termed ScenePair for
fair comparisons. Experiments demonstrate the effectiveness of TextCtrl compared
with previous methods concerning both style fidelity and text accuracy. Project
page: https://github.com/weichaozeng/TextCtrl.

1 Introduction

Scene Text Editing (STE) refers to modifying the text with desired content on an input image
while preserving the styles and textures of both the text and the background to maintain a realistic
appearance [1]. As a newly emerging task in the field of scene text processing [2], STE not only
possesses distinctive application value [3, 4, 5] but also benefits the text-oriented downstream research
in detection [6], recognition [7, 8], spotting [9] and reasoning [10, 11]. Recently, increasing attention
has been paid to GAN-based and diffusion-based scene text editing methods.

Exploiting the Generative Adversarial Networks (GANs) [12], early works [1, 13] decompose
STE into three subtasks: foreground text style transfer, background restoration and fusion. The
divide-and-conquer manner significantly reduces the difficulty of pattern learning and enables the
pre-training of sub-modules with additional supervision [14]. However, the generalization capabilities
of these methods are inevitably limited due to the constrained model capacity of GANs [15] and the
challenges in accurately decomposing text styles [4]. Besides, as observed in experiments, the divide-
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Figure 1: Conceptual illustration of the decomposition of STE by TEXTCTRL. (a) Text style is
disentangled into text background, text foreground, text font glyph and text color features. (b) Text
glyph structure is represented by the cluster centroid of various font text features. (c) The explicit
style features and structure features guide the generator to perform scene text editing.

and-conquer design brings about the “bucket effect”, wherein the unstable background restoration
quality leads to messy fusion artifacts.

Recently, large-scale text-to-image diffusion models [16, 17] have convincingly demonstrated strong
capabilities in image synthesis and processing. Several methods attempt to realize STE in a conditional
synthesis manner, including style image concatenation [18] and one-shot style adaptation [19].
However, these methods are limited to the coarse-grained learning of miscellaneous styles from
text images. Other methods [20, 21, 22] tend to resolve STE in a universal framework along with
STG (Scene Text Generation) in an inpainting manner conditioned on full images, which enables
the leverage of large-scale data for self-supervised learning [23]. Nevertheless, their style guidance
predominantly originates from the image’s unmasked regions, which can be unreliable in complex
scenarios and fail in style consistency. Besides, resulting from the weak correlation between text
prompt and glyph structure [24, 25, 26], diffusion-based STE methods are prone to generating
typos, which decreases the text rendering accuracy.

For the aforementioned problems, we identify insufficient prior guidance on both style and structure
as the primary factor that impedes the previous methods from performing accurate and faithful scene
text editing. As depicted in Fig. 1, we propose a conditional diffusion-based STE model, wherein our
method decomposes the prerequisite of STE into two main aspects: text style disentanglement and text
glyph representation. The fine-grained disentangled text style features ensure visual coherency, while
the robust glyph structure representation improves text rendering accuracy. The dual Style-Structure
guidance collectively contributes to significant enhancements in STE performance.

Furthermore, undesired color deviation and texture degradation compared with the source text image
occasionally occur in the inference of diffusion-based STE methods, which is attributed to the error
accumulation in the denoising process [27] as well as the domain gap between training and inference
[19]. To overcome this limitation, we introduce a glyph-adaptive mutual self-attention mechanism to
improve the generator, which sets up a parallel reconstruction branch to introduce the source image
style prior through cross-branch integration. The refined sampling process effectively eliminates
visual inconsistency without requiring additional tuning.

Additionally, the deficiency of real-world evaluation benchmarks on STE has become a non-negligible
problem as increasing methods are proposed. Early assessments [1], which rely on synthetic data,
face significant limitations in practice due to the domain gap. Recent evaluations [14] emphasize
text accuracy in edited real images but fail to benchmark visual quality adequately. Based on the
observation that scene texts often occur in phrases with the same style and background in real-world
scenery, we elaborately collect 1,280 text image pairs in terms of similar style and word length from
scene text datasets to build the ScenePair dataset enabling comprehensive evaluation.

In summary, we improve STE with the full leverage of Text prior for comprehensive guidance
Control throughout the model design, network training and inference control, termed as TextCtrl.
Our main contributions are as follows:

2



• For the �rst time, we decompose the prerequisite of STE into �ne-grained style disentangle-
ment as well as glyph structure representation and incorporate the Style-Structure guidance
with diffusion models to improve rendering accuracy and style �delity.

• For further style coherency control during sampling, with the leverage of additional prior
guidance through the reconstruction of the source image, we introduce a glyph-adaptive
mutual self-attention mechanism that effectively eliminates visual inconsistency.

• We propose an evaluation benchmarkScenePairconsisting of cropped text image pairs
along with original full-size images. To the best of our knowledge, it is the �rst pairwise
real-world dataset for STE which enables both visual quality assessment and rendering
accuracy evaluation.

2 Related work

GAN-based Scene Text Editing. SRNet [1] �rst introduces the word-level editing method built
in a divide-and-conquer manner. SwapText [13] further enhances SRNet with Thin Plate Spline
Interpolation Network for curved text modi�cation while STRIVE [28] extends the framework into
the video domain of scene text replacement. Besides, TextStyleBrush [4] adopts a self-supervised
strategy building on StyleGAN2 [29] while MOSTEL [14] designs a semi-supervised training scheme.

Diffusion-based Scene Text Editing. Numerous studies have focused on adapting the diffusion
model for scene text manipulation. DiffSTE [20] improves pre-trained diffusion models with a dual
encoder design, wherein a character encoder for render accuracy and an instruction encoder for style
control is used. DiffUTE [23] further utilizes an OCR-based image encoder as an alternative to CLIP
Text encoder. Moreover, TextDiffuser [21] and UDiffText [30] leverage character segmentation masks
for condition input and supervised labels respectively. To leverage text style, LEG [18] concats the
source image as input while DBEST [19] relies on a �ne-tuning process during inference. Recently,
AnyText [22] adopted a universal framework to resolve STE and STG in multiple languages based on
the prevalent ControlNet [31].

Image Editing with Diffusion Models. Image editing aims to manipulate a certain attribute (e.g.
color, posture, position) of the target object while keeping the other context unchanged, which can
be seen as the parent task of STE. Recent Diffusion-based methods have shown unprecedented
potential with a wide variety of designs. Model-tuning methods [32, 33] �ne-tune the entire model
to enhance subject embedding in the output domain. Leveraging DDIM inversion [34], prompt-
tuning methods [27] turn to improve identity preservation by optimizing null-text prompts through
classi�er-free guidance sampling [35]. Recently, [36, 37] explored the self-attention layers in LDMs
and demonstrated the rich semantic information preserved in queries, keys and values. Through the
cross-frame substitute of keys and values of self-attention, they perform non-rigid editing without
additional tuning. [38] further extends the cross-frame interaction to video domain for motion editing.

3 Method

Based on a conditional synthesis manner, in this work, we de�ne the scene text editing process as
I edit = G(Cstruct ; Cstyle ) as shown in Fig. 2 (c). The text glyph structure feature is acquired from a
character-based structure encoder asCstruct = T (Ctext ) in Fig. 2 (a) and the text style feature is
derived from a style encoderCstyle = S(I source ) in Fig. 2 (b). The module design and pre-training
strategy to enable precise extraction for glyph structure and �ne-grained disentanglement of text style
are introduced in section 3.1 and section 3.2 respectively, with the whole model training process
illustrated in section 3.3. Furthermore, details of the improved tuning-free inference control and the
proposed glyph-adaptive mutual self-attention mechanism in Fig. 2 (d) are presented in section 3.4.

3.1 Text Glyph Structure Representation Pre-training

Distinctive from natural objects, scene text possesses a complicated non-convex structure, wherein a
minor stroke discrepancy can signi�cantly alter visual perception and lead to misinterpretation [39],
thus presenting unique challenges to editing accuracy. For scene text editing, an ideal text encoder
is capable of encoding the target text concerning glyph structure rather than semantic information
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Figure 2: Decomposed framework of TextCtrl. (a) Text glyph structure encoderT with corresponding
glyph structure representation pre-training. (b) Text style encoderS with corresponding style
disentanglement pre-training. (c) Prior guided diffusion generatorG. (d) The improved inference
control with the Glyph-adaptive Mutual Self-attention mechanism.

[20, 21] or certain image template [14, 23]. Speci�cally, for a certain textCtext = \ Sif ted " , encoder
T is expected to be aware of the glyph structure of\ S" ; \ i " ; \ f " ; \ t" ; \ e" ; \ d" respectively.

To this end, we adopt a character-level text encoder to align the target text feature with its visual
glyph structure. As depicted in Fig. 2 (a), the target text embedding in character level is processed
with a transformer encoderT to generate glyph structure featuresCstruct 2 RL � d, which is further
aligned to the visual feature of corresponding text image extracted by a frozen pre-trained scene text
recognizer with CLIP loss [30, 40] L clip . Differ from [30], we collect vast quantities of text fonts
constructing a clusterf font 1; font 2:::font n g to render the corresponding text image with diverse
fonts during training. The font-variance augmentation brings continuous glyph structure variation
which implicitly enhances the projection fromCstruct to the cluster centroids of visual features for
robust text glyph structure representation.

3.2 Text Style Disentanglement Pre-training

Text styles comprise a variety of aspects, including font, color, spatial transformation and stereoscopic
effect, which visually mingle with each other and bring obstacles to disentangle the style features
precisely in previous works. To realize the �ne-grained disentanglement of the text style, we propose
a multi-task pre-training paradigm as illustrated in Fig. 2 (b), involving text color transfer, text font
transfer, text removal and text segmentation.

Concretely, given a text imageI source 2 R3� H � W , we �rst extract the style featureCstyle 2 RN � d

with a ViT [41] backboneS, which is projected to texture featurectexture 2 RN � d and spatial feature
cspatial 2 RN � d respectively. Subsequently,ctexture is employed in text color transfer and text font
transfer whilecspatial is utilized for text removal and text segmentation.

Text Color Transfer. Since both intrinsic style and lighting conditions determine the text color,
it is challenging to label or classify the holistic color. Instead, we refer to image style transfer and
implicitly extract color through colorization training. A light-weight encoder-decoderF c is built
to provide colorization on a black and white text imagei c

in 2 R1� h � w with an Adaptive Instance
Normalization [42]A for source text color imagei c

out 2 R3� h � w written as:

i c
out = F c

dec(A (F c
enc (i c

in ); ctexture )) ; (1)

Text Font Transfer. With a common intention with color transfer to capture stylized information but
focusing on glyph boundary, font transfer is realized through the boundary reshaping process. Another
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light-weight encoder-decoderF f is employed to transfer a template font text glyphi f
in 2 R3� h � w to

the source font text glyphi f
out 2 R3� h � w through Pyramid Pooling Module [43] P in latent space

as:
i f
out = F f

dec(P(F f
enc (i f

in ); ctexture )) ; (2)

Text Removal and Text Segmentation. Text removal aims at erasing the text pixels and reasoning
the background pixels covered by text while text segmentation decouples the spatial relationships
between background and text. A residual convolution block with spatial attention mechanism [44]
is adopted to construct a removal headF r and a segmentation headF s respectively to generate
predicted backgroundi r

out 2 R3� h � w and predicted maski s
out 2 R1� h � w as:

i r
out = F r (cspatial ); i s

out = F s(cspatial ); (3)

Multi-task Loss. With the multi-task pre-training for fostering the text style extraction and disen-
tanglement ability ofSE, the whole loss function for style pre-training can be expressed as:

L disentangle = L color (i c
out ; i c

gt ) + L font (i f
out ; i f

gt ) + L rem (i r
out ; i r

gt ) + L seg(i s
out ; i s

gt ); (4)

wherein we leverage MSE loss forL color , MAE loss forL rem and Dice loss [45] for L font andL seg .
Synthetic groundtruth is leveraged for �ne-grained supervision and the task-oriented pre-training
achieves �ne-grained textural and spatial disentanglement of stylized text images which fertilizes the
style representation for downstream generator.

3.3 Prior Guided Generation

With the robust glyph structure representationCstruct and �ne-grained style disentanglementCstyle
mentioned above, a diffusion generatorGis employed to integrate the prior guidance and generate the
edited result as shown in Fig. 2 (c). ForCstruct , since the U-Net in latent diffusion models contains
both self-attention and cross-attention, wherein the cross-attention focuses on the relation between
latent and external conditions [16, 17], we replace the key-value in cross-attention modules ofGwith
the linear projection ofCstruct to provide glyph guidance for improving accurate text rendering. For
Cstyle , promising results have been shown by additional control injection [31] through the decoder
of U-Net, based on which we apply the multi-scale style featureCstyle to the skip-connections and
middle block of the modelGto provide a style reference for high-�delity rendering.

With the leverage of pre-trained model [17], the training is performed under a combined supervision
on the synthetic text image data. Please refer to Appendix A for preliminaries of the diffusion model
and Appendix B.2 for implementation details of training.

3.4 Inference Control

During inference of the diffusion-based STE model, undesired color deviation and texture degradation
occasionally occur. Such discrepancy can be partly attributed to the error accumulation during the
iterative sampling process [27, 36]. Besides, the domain gap between training and inference impedes
style consistency in complicated real-world scenery. To control the visual style consistency, we
attempt to ameliorate the inference process by injecting style prior from the source image into editing.
Speci�cally, we propose the Glyph-adaptive Mutual Self-Attention mechanism, which seamlessly
incorporates the style of source images throughout the deconstruction process.

Reconstruction Branch. Rather than transforming random noise samples into an image, our
objective is to execute an image-to-image translation, ensuring the preservation of style fea-
tures. Initially, we perform DDIM inversion [27, 46] to generate an initial latentzT

source from
the source imageI source . The deconstructed inversion process enables a reconstruction branch
(zT

source ; zT � 1
source :::z0

source ) of the source image parallel to the editing branch (zT
edit ; zT � 1

edit :::z0
edit ),

which bene�ts the proposed integration process, as shown by the arrow in Fig. 2 (d).

Glyph-adaptive Mutual Self-Attention Mechanism (GaMuSa). Diverge from the general im-
age editing, the target text modi�cation of STE can lead to signi�cant changes in the condition
representation, which impedes text style preservation through general prompt-tuning methods [27].
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Algorithm 1 Glyph-adaptive Mutual Self-attention

Input : Inversion latentzT
source , reconstruction condition embeddingcsource , editing condition

embeddingcedit and target text embeddingemby .
Parameters: Time stept, interval� , intensity parameter� and� .
Output : Denoised latentz0

source andz0
edit .

1: t = T; � = 0 ; � = 1 ; � = 5 ;
2: for t = T; T � 1:::1 do
3: ——————————————–Reconstruction Branch——————————————–
4: zt � 1

source ; f K s; Vsg  Ĝ(t; z t
source ; csource ); . Self-Attention.

5: ———————————————–Editing Branch————————————————–
6: if at intervals of� then
7: embedit = R(Edec(zt

edit )) ;
8: � = ( embedit � emby )=(kembedit k � k emby k); . Cosine Similarity.
9: end if

10: � = 1 � � ;
11: f K es; Vesg = � f K s; Vsg + � f K e; Veg; . Integration.
12: zt � 1

edit  Ĝ(t; z t
edit ; cedit ; f K es; Vesg); . Glyph-adaptive Mutual Self-attention.

13: end for
Return z0

source , z0
edit

Recently, [36, 37] have demonstrated that self-attention layers in the diffusion model focus on latent
internal relations. Based on the characteristic, we perform a mutual self-attention process between
two branches as shown in Fig. 2(d), wherein at denoising stept, the Key-Value featuresf K s; Vsg
from reconstruction branch are introduced to the self-attention operation in editing branch. Rather
than a direct replacement in the previous method [36], however, we prefer an integration off K s; Vsg
andf K e; Veg to mitigate the domain gap betweenzt

source andzt
edit .

It is worth noting that the original mutual self-attention process is hyper-parameter-sensitive to
the starting time step. Premature initialization may introduce ambiguity and lead to spelling errors,
whereas late intervention might fail to provide suf�cient guidance. Inspired by the gradual deformation
of text glyph during the iteration, we design a glyph-adaptive strategy to control the intensity of
integration. Speci�cally, we employed a vision encoderR of the pre-trained text recognizer [47] to
construct a glyph-adaptive strategy for the harmonious integration of Key-Value between branches.
Speci�cally, during the iterative process, the intermediate latentzt

edit is decoded and processed
with R for the cosine similarity calculation with the target text embeddingemby at intervals of�
steps to denote the glyph similarity of the intermediate edited image with target text. The similarity
will serve as the intensity parameter� and � for controlling the integration betweenf K s; Vsg
from reconstruction branch andf K e; Veg from editing branch. The result of integrationf K es; Vesg
is subsequently leveraged in the self-attention modules of the editing branch for style coherency
enhancement. The overall sampling pipeline is illustrated in Alg. 1.

GaMuSa= Softmax(
Qe � (�K s + �K e)T

p
d

) � (�V s + �V e); � = 1 � �: (5)

4 Experiments

4.1 Dataset and Metrics

Training Data. Based on [1, 3], we synthesize 200k paired text images for style disentanglement
pre-training and supervised training of TextCtrl, wherein each paired images are rendered with the
same styles (i.e. font, size, colour, spatial transformation and background) and different texts, along
with the corresponding segmentation mask and background image. Furthermore, a total of 730 fonts
are employed to synthesize the visual text images in text glyph structure pre-training.

ScenePair Benchmark. To provide assessments on both visual quality and rendering accuracy, we
propose the �rst real-world image-pair dataset in STE. Speci�cally, we collect 1,280 image pairs with
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Methods
Metrics ScenePair (Cropped Text Image) ScenePair (Full-size Image)

SSIM" (� 10-2) PSNR" MSE# (� 10-2) FID # SSIM" (� 10-2) FID #

SRNet [1] 26.66� 0.00 14.08� 0.00 5.61� 0.00 49.22� 0.00 98.91 1.48
MOSTEL [14] 27.45� 0.00 14.46� 0.00 5.19� 0.00 49.19� 0.00 98.96 1.49
DiffSTE [20] 26.85� 0.08 13.44� 0.04 6.11� 0.04 120.34� 1.52 98.86 (76.91) 2.37 (96.78)

TextDiffuser [21] 27.02� 0.11 13.96� 0.03 5.75� 0.05 57.01� 0.44 98.97 (92.76) 1.65 (12.23)
AnyText [22] 30.73� 0.55 13.66� 0.07 6.19� 0.14 51.79� 0.35 98.99(82.57) 1.93 (16.92)

TextCtrl 37.56� 0.32 14.99� 0.15 4.47� 0.15 43.78� 0.17 99.07 1.17

Table 1: Text style �delity assessment within text image level and full-size image level, highlighted
with bestandsecond bestresults. For full-size image evaluation, we replace the unedited region with
the origin image while values in “() ” denote the direct output of inpainting-based methods.

Methods
Metrics ScenePair ScenePair (Random) TamperScene [14]

ACC(%) " NED " ACC(%) " NED " ACC(%) " NED "

SRNet [1] 17.84� 0.00 0.478� 0.000 9.61� 0.00 0.422� 0.000 39.96� 0.00 0.776� 0.000
MOSTEL [14] 37.69� 0.00 0.557� 0.000 22.50� 0.00 0.451� 0.000 76.79� 0.00 0.858� 0.000
DiffSTE [20] 31.35� 0.35 0.538� 0.002 21.56� 0.69 0.487� 0.002 - -

TextDiffuser [21] 51.48� 0.19 0.719� 0.003 33.99� 0.34 0.635� 0.004 - -
AnyText [22] 51.12� 0.21 0.734� 0.005 25.05� 0.05 0.593� 0.003 - -

TextCtrl 84.67� 0.34 0.936� 0.003 66.95� 0.13 0.869� 0.007 74.17� 0.55 0.909� 0.011

Table 2: Text rendering accuracy evaluation with different methods, highlighted withbest and
second bestresults. “Random” denotes that we replace the paired target text inSCENEPAIR with
randomly chosen text to verify the model robustness. Note that we are not able to evaluate inpainting-
based STE methods [20, 21, 22] on TamperScene [14] since it does not contain full-size images.

text labels from ICDAR 2013 [48], HierText [49] and MLT 2017 [50], wherein each pair consists
of two cropped text images with similar text length, style and background, along with the original
full-size images. Collecting methods and dataset details are introduced in Appendix C.

Evaluation Dataset. For a fair comparison, we conduct all the evaluations on real-world datasets.
ScenePair consists of 1,280 cropped text image pairs along with original full-size images enabling
both style �delity assessment and text rendering accuracy evaluation. TamperScene [14] combines a
total of 7,725 cropped text images with prede�ned target text to provide rendering accuracy evaluation.
Nevertheless, it does not involve paired images for style assessment nor full-size images for evaluation
on inpainting-based methods, demonstrating the necessity of the proposed ScenePair.

Evaluation Metrics. For visual quality assessment, we adopt the commonly used metrics including
(i) SSIM, mean structural similarity; (ii)PSNR, the ratio of peak signal to noise; (iii)MSE, the mean
squared error on pixel-level; (iv)FID [51], the statistical difference between feature vectors. For text
rendering accuracy comparison, we measure with (i)ACC, word accuracy and (ii)NED, normalized
edit distance, using an of�cial text recognition algorithm [52] and corresponding checkpoint.

4.2 Performance Comparison

Implementation. We conduct the comparison of the proposed TextCtrl with two GAN-based
methods: SRNet [1] and MOSTEL [14] as well as three diffusion-based methods: DiffSTE [20],
TextDiffuser [21] and AnyText [22] with their provided checkpoints. The quantitative results are
illustrated in Tab. 1 and Tab. 2 while the qualitative results for comparison are shown in Fig. 3 and
Fig. 4. Notably, DiffSTE [20], TextDiffuser [21] and AnyText [22] conduct STE with an inpainting
manner on a full-size image, for which we employed the corresponding full-size image of each pair
in ScenePair with the target text area masked as input and crop the generated target text area for style
evaluation on text image level. SRNet [1], MOSTEL [14] and TextCtrl resolve STE in a synthesis
manner on a text image, for which we perform a perspective process to paste the generated image
back to the full-size image for style evaluation on full image level.

Text Style Fidelity. The text style �delity assessment is performed on both the text image level
and the full image level of ScenePair to enable a comprehensive comparison among methods. On
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Figure 3: Qualitative comparison among different methods. Note that for the inpainting-based
methods [20, 21, 22], we conduct the editing on the full-size images and perform the visualization of
the edited text region.

text image level, TextCtrl outperforms other methods by at least 0.07, 0.53, 0.72 and 5.41 in SSIM,
PSNR, MSE and FID respectively as represented in Tab. 1. GAN-based methods [1, 14] generally
achieve a higher score on pixel-level assessment (i.e., PSNR, MSE). The reason lies in that they
adopt a divide-and-conquer method, which contains a background restoration process to restrain the
background region unaltered. Nevertheless, this may result in generating unsatis�ed fuzzy images as
shown in Fig. 3 column 3 and 4 due to the artifacts left by the unstable restoration process. Due to
the loose style control result from the inpainting manner, undesired text style occurs occasionally in
the outcome for diffusion-based methods [20, 21, 22]. On the contrary, TextCtrl bene�ts from the full
leverage of disentangled style prior and the inference control for high-�delity edited results. Further
comparison on the full image level demonstrates the superiority of TextCtrl with precise manipulation
and less style deviation against the inpainting-based methods with visualization in Fig. 4. Besides, it
is not negligible that the inpainting strategy downgrades the image quality of unmasked regions.

Text Rendering Accuracy. Meanwhile, owing to the robust glyph structure representation, TextCtrl
achieves superior spelling accuracy among all the methods, with more than 33% improvements in
rendering accuracy of paired target text and randomly chosen text in ScenePair. TamperScene
[14] contains a number of ambiguous low-resolution text images, which bring obstacles in style
disentanglement and therefore impede the rendering accuracy of TextCtrl. Still, TextCtrl achieves
a higher normalized edit distance that indicates the explicit mapping constructed between text and
glyph. In comparison, GAN-based methods tend to yield ambiguous images, where source text left by
imperfect removal blends with target text, resulting in fuzzy visual quality. Besides, due to the limited
model capacity, GAN-based methods suffer from weak generalization and show incompetence with
unseen style font as shown in Fig. 3 row 4 and 5. Diffusion-based methods achieve a disproportionate
NED to their relatively low accuracy, which indicates their struggle with spelling mistakes. Notably,
the inpainting manner serves as a primary factor that impedes the editing quality on small text for
AnyText, whereas TextCtrl possesses the �exibility to perform editing on arbitrary scale text images.

4.3 Ablation Study

TextCtrl signi�cantly improves STE through the substantial leverage of prior information in proposed
(i) glyph structure representation pre-training, (ii) style disentanglement pre-training and (iii) glyph-
adaptive mutual self-attention. We delve into the ef�cacy of each module in the following section.

Text Encoder ScenePair ScenePair (Random)

ACC(%) " NED " ACC(%) " NED "

CLIP [40] 13.98 0.637 13.47 0.615
T w/o font-variance 76.08 0.875 60.84 0.827
T w font-variance 84.67 0.936 66.95 0.869

Table 3: Ablation experiment on glyph structure represen-
tation pre-training.

Text Glyph Structure Representation.
Conditional text prompt serves an im-
portant role in STE guiding the render-
ing of edited text glyphs. Consequently,
we conduct the experiments by training
TextCtrl with different text encodersT
to evaluate the text rendering accuracy
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Figure 4: Qualitative comparison with inpainting-based methods [20, 21, 22] on full-size images.

on ScenePair. Speci�cally, we employed a CLIP text encoder [40] for comparison which is generally
adopted in generative diffusion models [16, 17]. The contrast between ACC and NED results in Tab.
3 con�rms that the CLIP text encoder [40] struggles with spelling mistakes which are attributed to
the sub-word embedding [24] and sub-optimal alignment between text prompt and text glyph. We
further analyze the impact of the proposed font-variance alignment strategy in pre-training and the
results indicate the robust representation brought by the augmentation.

Figure 5: t-SNE [53] visualization of style
features by pre-trained text style encoder.

Text Style Disentanglement. The explicit text style
disentanglement pre-training distinguishes TextCtrl
from previous STE methods [14, 21, 22] in fostering
the �ne-grained feature representation ability on scene
text concerning font, color, glyph and background tex-
ture. To further verify the style disentangling ability of
TextCtrl, as depicted in Fig. 5, we visualize the style
feature embedding using t-SNE [53] with text images
from ICDAR 2013 [48] encoded by the pre-trained
style encoderS. From a broad perspective, text images
with a similar color cluster in different regions of fea-
ture space which indicate the style representation of the
image entirety. From a micro perspective, as shown
by the sample pair pointed out with the magni�er, text images that share the same text style and
background adjoin to each other regardless of different text content.

Injection Module SSIM" MSE# FID #

ControlNet [31] 0.3306 0.0464 58.30
S w/o pre-training 0.3130 0.0475 66.10
S w pre-training 0.3756 0.0447 43.78

Table 4: Ablation experiment on style dis-
entanglement.

In Tab. 4, we replace the style encoder with a preva-
lent module ControlNet following the implementation
settings and empirical suggestions in [31]. Concretely,
the style encoder is replaced with a vanilla Stable Dif-
fusion encoder, serving as the ControlNet module. The
module is initialized with the pre-trained weight of SD
encoder. As a powerful technique in enhancing genera-
tion controllability, ControlNet is prevalently leveraged
in image editing for style and structural control. The
simple yet effective design enables a more meticulous reference from conditional input (e.g., Canny
Edge, Depth map), which is also veri�ed through the ablation study against our style encoderS
(w/o pre-training) shown in Paper Tab. 4. After performing the style pre-training, however, the
style encoder achieves a superiority performance against ControlNet module. Quantitative results
demonstrate the �ne-grained representation ability brought by the explicit style pre-training strat-
egy, compared with implicit style learning by ControlNet. Notably, it also improves the parameter
ef�ciency with 118M for style encoderS and 332M for ControlNet module.
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