This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it isidentical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

Detect Any AI-Counterfeited Text Image

Chenfan Qu'?,Yiwu Zhong?,Xuekang Zhu? ,Junchi Li*? Changjiang Jiang>?,Jian Liu?",Lianwen Jin' *
'South China University of Technology,”Ant Group,*Peking University,
*Zhejiang University,”Wuhan University
202221012612 @mail.scut.edu.cn, rex.lj@antgroup.com, eelwjin @scut.edu.cn

108 Image Types 49 Generators

Document Task-

m

Identification

TextDiffuser UDiffText MultiEdit
Specific AnyText MOSTEL SRNet AMO
Method  ViTEraser OneDM  TextCtrl ...

Generation

Open- {7 Qwen-Image @) OminiGen2
MLLM @) Bagel & lanusdo AnFLUX ...
Closed- (gHunyuan C KLING (&) Sora

Source + i .
Gemini () Doubao ' Jimen
MLLM < e
R deogram @) GPT-Image-1 ...

Comprehensive Targets

Tampering Type

Source Text Type

FBraie! Bl !
MARIANA &MSB8. 382.94 L5hwr.  Japamese Arabic
19.98 o A —

Text Granularity
Char ~ Word Phrase

In-Depth Evaluation

Test

Diverse Languages

English  Chinese  Korean

Removal
aanib

i = 7 Train
Digital Wiitten 1| 1s 1 | |

A~
AT

Bengali

Sentence  Image

o)

Significantly Improved Scale, Diversity and Scope

Real-World g, .
o @ Meitu ;.icamScanneT A :
&Apps  WWPs O Quirk P (IR e i
Fake Images Fake Texts Image Types Generators
793k 1160k 108

1k 1k 2k 6k 1k Sk s

¢ 1k 111 11 0
&P & @ P & @ &P & @ F DL @
SoF & o SoF S SoX o SoF S

Figure 1.

Paradigms Forge Methods Languages 0OOD Settings
65
111 P
D D D 8 1 1 1
11
ilm ooo v o []
& > o © > © D & & B &
,‘—"Q‘O\’\ RN «b$®&§,s AR . S o y ,,@°\,\>9¢oé &

We propose the DanceText dataset to tackle the detection of any Al-counterfeited text image. It establishes a new standard

by delivering unprecedented scale and comprehensive scope, spanning a vast array of image types, generators, languages, counterfeit
paradigms and evaluation protocols, significantly outperforming previous works in almost all dimensions.

Abstract

The rapid advancement of generative Al enables the cre-
ation of highly realistic text images, posing significant se-
curity risks from fraud and disinformation. However, re-
search into robust detection is critically hampered by exist-
ing datasets that lack scale, diversity, and updated counter-
feit techniques, as well as by models that fail to general-
ize. To address these deficiencies, we introduce DanceText,
a large-scale, comprehensive dataset for Al-counterfeited
text image detection. Constructed using our novel Creative
Proposer pipeline, which automates the generation of di-
verse and realistic counterfeits, DanceText surpasses pre-
vious works by over 100-fold in multiple dimensions. It
is the first to include counterfeits from multimodal large

models, commercial software, and mobile apps, covering
all major paradigms, including full-image generation, re-
gional removal, and editing. Building on this dataset, we
propose DS-Net, a novel and effective detection model. It
features two key components: a Forensic Decoupling En-
coder to extract generator-agnostic artifacts, and a Syn-
ergy Denoising Decoder that synergizes image-level clas-
sification with instance-level localization. Extensive exper-
iments demonstrate that DS-Net achieves state-of-the-art
performance, advancing the field toward robust and uni-
fied detection of Al-counterfeited text images in real-world
scenarios. Our code and dataset are publicly available at
https://github.com/qcf-568/DanceText.
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1. Introduction

Generative Al models have achieved surprisingly rapid
progress and they can now generate realistic text images
of any type effortlessly. These endlessly erupted fake text
images can be maliciously used for fraud, rumors, posing
unprecedented risks to social security. It is urgently critical
to develop robust methods that can detect any type of fake
text images generated by any possible generator. However,
developing such a robust model is challenging in both data
and task aspects.

First, existing datasets [80, 117, 118] cannot support a
robust detector due to their limited diversity, scope, scale
and quality. Their dataset lacks diversity, only covering sin-
gle image type, single language or very few image gen-
erators. And their scope is specialized, overlooking dif-
ferent counterfeit tools (e.g., commercial apps, generative
MLLMs such as Qwen-Image) and different editing targets
(e.g., image region removal, full image generation). Fur-
thermore, these datasets are small in scale, fewer than 2,000
samples, with outdated quality. They usually use visual
generators developed before 2023 and lag notably behind
recent Al advancements.

Second, detecting Al-counterfeited text images is chal-
lenging. Each image generator produces distinct arti-
facts that are often tightly coupled with image content and
style [40, 99]. Consequently, detection models tend to over-
fit to the generator-specific traces and spurious content cor-
relations in the training data, which compromises their abil-
ity to generalize to unseen generators and image types.

In this paper, we aim to address these deficiencies
through two innovations: (1) a large-scale dataset that is
diverse and comprehensive in its coverage of image types,
generators, counterfeit paradigms, and languages; (2) a ro-
bust detector designed to generalize across unseen image
styles and generators.

However, a primary challenge is encountered in scaling
up the dataset: How can we control the generators to cre-
ate text images meeting our requirements? Current meth-
ods for generating fake text images suffer from a significant
domain gap with real-world scenarios, often yielding unre-
alistic counterfeits due to simplistic prompts or implausi-
ble random edits. To address this, we propose the Creative
Proposer, a novel pipeline that automatically generates di-
verse, high-quality instructions for image generators. Our
key insight is to leverage multi-modal large language mod-
els that can describe visual details in rich, semantically-
correct language, which in turn can be naturally digested
by generators. This approach produces diverse text im-
ages that closely align with real-world scenarios, encom-
passing both full image synthesis and semantically plausi-
ble regional counterfeits.

Using our Creative Proposer pipeline and 48 distinct
generators, we created 793,731 realistic counterfeited im-

ages based on a large and diverse collection of real text im-
ages from 108 categories, covering a wide range of real-
world scenarios. The resulting images are split into a train-
ing set and eight distinct test sets for in-depth evaluation.
As shown in Figure 1, our DanceText dataset significantly
surpasses previous works in scale, diversity, and compre-
hensiveness. Compared to prior datasets, it provides hun-
dreds of times more real and counterfeited text images, 100
times more image types, eight times more counterfeit meth-
ods, and six times more generators and languages. Notably,
DanceText is the first dataset to incorporate text images gen-
erated by open-source and closed-source multimodal large
models, commercial software or mobile applications. It
is the first dataset to include Al-counterfeits of real-world
photographed documents. It is also the first to cover both
full-image generation and regional erasure counterfeiting
techniques.

With such a large scale, comprehensiveness and diver-
sity, our DanceText significantly bridges the gap between
real-world applications while inspiring further research. For
the first time, it creates the opportunity to train and evalu-
ate a truly robust counterfeit detector, one that generalizes
across any image type, any text style, any counterfeit type,
any level of granularity, any language, and any generator.

Building upon the DanceText dataset, we further pro-
pose the DS-Net, a novel model for unified and general-
izable Al-counterfeited text image detection. DS-Net fea-
tures two key innovations. The Forensic Decoupling En-
coder learns to disentangle generator-specific artifacts from
semantic content and leverages vast and diverse counter-
feited data from non-text domains. The Synergy Denoising
Decoder then mimics the reasoning of a human expert by
creating explicit synergy between image-level classification
and instance-level localization. Extensive experiments on
both the DanceText dataset and public datasets have veri-
fied the effectiveness of the proposed method, significantly
outperforming previous methods.

Our main contributions are summarized as follows:

* DanceText Dataset: A large-scale, comprehensive, and
high-quality dataset for detecting Al-counterfeited text
images. It surpasses previous datasets by over 100-fold
in multiple dimensions such as scale and diversity.

* Creative Proposer Pipeline: A novel pipeline that au-
tomatically and efficiently generates high-quality instruc-
tions for image generators. This process produces realis-
tic and diverse synthetic text images with close alignment
to real-world counterfeiting characteristics.

* DS-Net: A unified and generalizable detection model that
incorporates artifact—content decoupling and explicit task
synergy between image-level classification and instance-
level localization. This novel and effective design leads
to significant performance gains over prior approaches.
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Figure 2. The proposed Creative Proposer pipeline produces diverse high-quality prompts for generating realistic text images.
2. Related Works challenge. General DeepFake detectors are often limited

2.1. Text Image Generation, Editing and Removal

Recent advancements in generative models, including
GANs, Diffusion models, and multimodal large language
models like Qwen-Image [123], have enabled the high-
quality synthesis of text images [20]. These models facil-
itate not only full-image generation [34, 128] but also so-
phisticated regional editing and removal [50, 116]. The ac-
cessibility and realism of these Al-based techniques, which
require minimal expertise compared to traditional methods,
pose a significant security threat [14, 29, 30, 54, 65, 67, 77—
79, 81, 82,90, 93, 95, 122, 139, 144].

2.2. AI-Counterfeited Text Image Detection

Several benchmarks have been proposed to address this
threat, but they suffer from critical limitations. For exam-
ple, DocTampered [76] contains no Al-counterfeited texts.
Datasets like T-SROIE [118], T-IC13 [117], and OSTF [80]
are restricted in scale, diversity (often one image type), and
modernity, relying on outdated generators and overlooking
real-world counterfeits from MLLMs, software and apps.
Existing detection methods also fall short. Models such
as S3R [117], FFDN [22], and DAF [80] show promise in
localizing edits but struggle with image-level classification
and detecting text removal. Furthermore, robustness to un-
seen generators and image types remains a key unsolved

to image-level classification and cannot perform the nec-
essary regional localization [4, 7, 8, 11-13, 19, 21, 23—
26, 31, 33, 36, 39, 40, 43-45, 47, 48, 51, 53, 55-57, 59,
60, 66, 68, 70, 84, 86, 88, 89, 99-102, 110, 111, 113, 119,
121, 127, 129, 131, 133, 136, 137, 140, 141, 143, 145]. A
pressing need, therefore, exists for a comprehensive dataset
and a generalizable detection model that can address the full
spectrum of modern Al-based text forgeries.

3. Creative Proposer Pipeline

A critical step in constructing a large-scale dataset for Al-
counterfeited text detection is obtaining high-quality, di-
verse prompts to guide image generators. Current methods
for generating synthetic text images suffer from a significant
domain gap: simplistic prompts yield unrealistic full images
(Fig. 2, top), while random regional edits lack the seman-
tic plausibility of real-world forgeries. To address this, we
introduce the Creative Proposer, a novel pipeline that au-
tomatically generates diverse, high-quality instructions for
both full-image generation and regional editing.

3.1. Full-Image Generation

Our pipeline employs two sub-pipelines to generate fully
synthetic, high-quality text images (Fig. 2 middle).

1. Image-to-Text-to-Image: We prompt Multimodal Large
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Dataset Fake Fake Real Image Tamp. Latest Lang. Image Generators Paradigms Evaluation
Image Text Image Types Methods Tamp. Num. T.S. MLLM R.S. RE. RR. L.G. C-G. C-T. C-L.

T-SROIE [118] 986 6,225 0 1 1 209 1T 1 0 0 v x x x x X
T-ICI3[117] 378 995 84 1 1 2019 1 1 0 0 v x x X X X
OSTF [80] 1,980 5,018 838 1 8 2023 1 8 0 0 v x x Vv X X
Ours 793,731 1,160,762 144,657 108 65 2025 6 26 19 4 v v v v Vv Y

Table 1. Comparison between publicly available datasets for Al-counterfeited text image detection. ‘Tamp.‘: Tampering, ‘Lang.‘: Lan-
guage, ‘T.S.*: Task-Specific generator, ‘MLLM*: Multimodal Large Model, ‘R.S.‘: Real-world Software, ‘R.E.‘: Regional Editing, ‘R.R.:
Regional Removal, ‘.G.*: Image-level Generation. ‘C-G.‘: Cross-Generator, ‘C-T.‘: Cross-Image-Type, ‘C-L.*: Cross-Language.

Language Models (MLLMs), such as Gemini-2.5-pro and
GPT-40, to produce a detailed textual description of a real-
world text image. Our prompt, “Describe this image in
detail so that I can prompt an image generation model to
generate the very same image,” elicits rich descriptions that
capture subtle visual elements. These descriptions are then
fed to text-to-image generators (e.g., Qwen-Image, Hun-
Yuan3) to synthesize realistic counterfeits. Inherent MLLM
recognition errors are leveraged as a natural form of text
content counterfeiting, further enhancing data diversity.

2. Text-to-Text-to-Image: To augment diversity and ac-
commodate generators with prompt length limitations, we
use a text-only approach. Starting with a curated seed pool
of high-quality prompts, we iteratively instruct MLLMs to
generate new, distinct prompts that maintain a similar level
of detail. This expanding pool of prompts is then used to
generate a wide variety of realistic synthetic images.

3.2. Regional Editing and Removal

For regional counterfeits, our pipeline generates semanti-
cally plausible edits (Fig. 2). The process is as follows:

1. Text Extraction: An OCR engine extracts text and co-
ordinates from an input image. These are then grouped
into semantically meaningful text segments (char / word /
phrase) using NLP and rule-based methods.

2. Plausible Edit Proposal: For each text segment, we pro-
vide its content, surrounding context, position, and the orig-
inal image to an MLLM. The MLLM is queried to propose
a semantically plausible replacement or removal.

3. Controlled Inpainting: If a valid edit is proposed, we
mark the region with a blue bounding box for disambigua-
tion and instruct inpainting models to perform the edit while
removing the visual marker. A rigorous post-processing
pipeline filters out low-quality results, with further details
provided in the Appendix.

4. DanceText Dataset

We introduce DanceText, a large-scale, comprehensive, and
high-quality dataset designed to fundamentally advance the
Detection of any Al-counterfeited Text image.

4.1. Motivation

The development of DanceText is motivated by the critical
limitations of prior works. For example:
e Limited Scale: Fewer than 2,000 counterfeit images (Ta-
ble 1), too small for robust model training and evaluation.
o Limited Image Types: Restricted to a single type (e.g.,
scanned receipts or signboards), ignoring the diversity of
real-world text images.
e Limited Generators: Counterfeited with only task-
specific open-source models, excluding the more accessible
general-purpose MLLMs (e.g., Qwen-Image, Gemini-2.5-
flash-image) and real-world software.
e Limited Counterfeit Paradigms: Focusing solely on re-
gional editing and neglecting full-image generation and re-
gional removal paradigms, which can also pose threats.
e Outdated Forgery: All generators developed before
2023, producing outdated counterfeits that lag significantly
behind the current generative-Al capabilities.
e Limited Language Scope: Monolingual, limited to En-
glish, hindering cross-lingual evaluation.

Our DanceText dataset overcomes all these constraints,
significantly expanding scale, scope, and diversity to match
real-world detection demands.

4.2. Construction

We collected 144,657 authentic text images from 108 cate-
gories, counterfeited them using the Creative Proposer and
45 state-of-the-art text image generators, including:

26 Task-Specific Models: SR-Net [125], MOS-
TEL [83], STEFANN [87], DST [91], DiffSTE [42],
AnyText [108], UDiffText [138], TextDiffuser [16], TextC-
trl [134], TextFlux [126], FluxText [49], DifftUTE [15],
STRIVE [98], RSSTE [32], AnyText2 [109], TextDif-
fuser2 [17], AMO [38], GlyphByT5 [63], Type-R [92],
BizGen [75], MultiEdit [52], ViTEraser [74], CTR-
Net++ [58], TMIM [120], WordStylist [69], OneDM [27].
8 Open-source MLLMs: Qwen-Image [123], OmniGen2
[124], Bagel [28], Qwen-Image-Edit [123], BagelCoT [28],
Janus-4o [18], Flux.1-Kontext [2], Flux.1-Kera [3].

11 Closed-source MLLMs: Gemini-2.5-flash-image [94],
KLING [107], Doubao4-i2i [5], HunYuanlmage3 [10],
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Jimeng4-t2i [6], Sora-image [72], Doubao3-i2i [5], GPT-
Image-1 [71], Jimeng3.1 [5], Wan-2.5 [1], Ideogram [41].

Open-source MLLMs contribute 60% of the counter-
feited images, which are primarily allocated to the train-
ing set (with Qwen-Image-Edit-2509 accounting for 45%).
For evaluation purposes, closed-source MLLMs and task-
specific generators each provide 20% of the images, ensur-
ing a comprehensive test of model robustness.

The dataset underwent a rigorous cleaning process, first
using automated methods and then human inspection to en-
sure quality. We also created 12,000 real-world counterfeits
manually using 4 commercial Al-powered applications,
Meitu [104], CamScanner [103], WPS [106], Quark [105],
to capture the real-world counterfeit characteristics.

The dataset is divided into a training set (counter-
feited by Qwen-Image, Qwen-Image-Edit-2509, TextDif-
fuser, SRNet, ViTEraser) and eight distinct test subsets to
facilitate a thorough evaluation of model robustness and
generalization under various cross-domain conditions:

(1) DanceText-Test: An in-distribution test set with
data from the same distribution as the training set. (2)
DanceText-CT: Evaluates robustness to unseen image
Types. (3) DanceText-CG: Evaluates robustness to un-
seen Generators. (4) DanceText-CTG: Tests generaliza-
tion to both unseen image types and generators. (5)
DanceText-CL: Assesses cross-lingual generalization to
unseen Languages. (6) DanceText-CLG: Combines unseen
Languages and unseen Generators. (7) DanceText-RW:
Contains images manually counterfeited by Real-World
software and Apps. (8) DanceText-RWT: Combines un-
seen image Types with handcrafted counterfeits from Real-
World software. Statistics are presented in the Appendix.

4.3. Highlights

As shown in Table 1, our DanceText establishes a new stan-
dard for research in Al-counterfeited text detection, eclips-
ing all previous datasets in every critical dimension.

e Unprecedented Scale: With over 400 times more coun-
terfeit and real images than all prior datasets combined,
DanceText provides the data scale necessary for training
and evaluating powerful deep learning models.

e Unmatched Diversity: DanceText features a 100-fold
increase in image types (108 total), an 8-fold increase in
forgery methods, and a 6-fold increase in generators (49 to-
tal). Crucially, it is the first to be multilingual, spanning six
languages and enabling cross-lingual generalization studies.
o First-of-its-Kind Realism: DanceText is the first and
only dataset to include forgeries from modern MLLMs
and, most importantly, 12,000 expert-crafted forgeries from
commercial software and apps. This unique subset, com-
plete with real-world post-processing like social media
transmission, provides an invaluable, “in-the-wild” bench-
mark for practical model performance. All other synthetic
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images were produced by our Creative Proposer pipeline
specifically designed to ensure high realism, effectively
bridging the gap to real-world scenarios.

e Comprehensive Counterfeit Coverage: DanceText has
unmatched comprehensiveness, as it is the first to span
all three major forgery paradigms (regional editing, re-
moval, and full-image generation), all four major text types
(printed, physical, digital, and handwritten), and all five lev-
els of text granularity (character, word, phrase, sentence,
and image), ensuring models are prepared for the complete
spectrum of Al-based attacks.

o State-of-the-Art Modernity: With over half of its gen-
erators (29 of 49) developed in 2025, DanceText directly
reflects the current, rapidly evolving threat landscape of
generative-Al. This ensures that evaluations are truly rep-
resentative of contemporary, real-world attacks, making our
benchmark both relevant and future-proof.

e Pioneering Evaluation Protocol: DanceText provides
the first comprehensive suite of out-of-domain tests, in-
cluding robustness against unseen image types, generators,
languages, real-world software, and their combinations.
This enables an unprecedented, in-depth analysis of mod-
els, fostering insights that will drive future research.

In summary, DanceText is not merely an incremental up-
date; it is a fundamental leap forward, providing the com-
munity with the first truly comprehensive resource to build
and validate the next generation of robust counterfeit detec-
tion systems for text images.

A few samples from the DanceText dataset are shown
in Fig. 1. Additional samples and details, including per-
generator statistics, are available in the Appendix.

5. Decouple and Synergy Network

To achieve unified and generalized detection of Al-
counterfeited text images, we propose the Decouple and
Synergy Network (DS-Net). As illustrated in Fig. 3, DS-
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Net consists of a Forensic Decoupling Encoder and a Syn-
ergy Denoising Decoder. The encoder is designed to extract
generalizable forensic features through artifact-content de-
coupling and leveraging diverse data from other domains.
The decoder improves performance through an explicit syn-
ergy between the classification and localization tasks.

5.1. Forensic Decoupling Encoder

Motivation. The relatively limited number of available
text image generators provides insufficient artifact diversity,
leading to model overfitting. In contrast, non-text domains
offer vast fake data; for instance, the Community Forensics
dataset [73] contains 2.7 million images from over 4,800
generators. Inspired by this, we propose to leverage the di-
versity of non-text forgeries to mitigate overfitting and im-
prove generalization for text image detection.

Key Idea. Directly training on non-text images is subop-
timal due to content and task misalignments (e.g., text vs.
non-text content; full-image generation vs. regional edits).
To overcome this, we introduce the Forensic Decoupling
Encoder. As shown in Fig. 4, its core idea is to first de-
couple generator-produced artifacts from semantic content
within both text and non-text domains, and then align these
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Figure 7. The key idea of our Synergy Denoising Decoder.

purified artifact features in a common latent space.
Method. Our encoder consists of a ViT [61] backbone and
a parallel Artifact Decouple Network (ADN) with a Con-
vNeXt [62] backbone. While ViT features can overfit, the
ADN is designed to extract generalized, semantic-agnostic
artifact features, which then enhance the primary ViT fea-
tures. The ADN is trained with three novel loss functions:

1. Lgy; is for decoupling on non-text images, Fig. 5 top.
It is calculated on the ADN’s auxiliary output mask from
its top feature map F4 (Fig. 6). We apply internal (spatial)
and external (batch-wise) patch shuffling to real and fake
non-text images. Internal shuffling disrupts semantics, forc-
ing the ADN to focus on local artifacts; External shuffling
enables patch-level independent prediction on these image-
level fully generated data, bridging the gap between image-
level classification and regional localization tasks. Lg,; is a
binary cross-entropy (BCE) loss on these shuffled patches.

2. L4, for decoupling on text images, Fig. 5 middle. It is
calculated on the ADN’s top output feature map F4 (Fig. 6).
Using an L2 loss, we attract the feature representations of
edited £ and removed R text regions while repelling them
from authentic regions. Since the commonality between E
and R is the presence of artifacts, while their difference is
the absence of text content for IR, this forces the ADN to
learn content-agnostic artifact features.

3. L4, for domain alignment, Fig. 5 bottom. It is calcu-
lated on the ADN’s top feature map F4 (Fig. 6). To bridge
the distributional gap between the two domains, L4, aligns
their feature maps in the latent space. It attracts features
from fake regions in both domains while repelling them
from authentic ones, enabling the model to learn a unified
representation of diverse artifacts.

The ADN is trained end-to-end with the loss Lapy =
Lgnt+ Lat + Ly + Lee, Where L. is a standard pixel-level
BCE loss for text images. It is calculated on the ADN’s
auxiliary output mask (Fig. 6). Finally, multi-scale features
from the ADN and ViT are fused via channel attention [37].

5.2. Synergy Denoising Decoder

Motivation. Human experts synergize image-level assess-
ment with region-level investigation. Global anomalies
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prompt a closer inspection of local regions, while the dis-
covery of a local forgery informs the final image-level de-
cision. In contrast, previous methods fail to model this syn-
ergistic reasoning. As shown in Fig. 7, they either derive a
global decision from a noisy localization map or use sepa-
rate, non-interacting heads for each task [80, 117]. To ad-
dress this limitation, we propose a novel decoding paradigm
that explicitly restores this crucial, bidirectional interaction.
Key Idea. The core of our decoder is a learnable Global
Forensic Query. As shown in Fig. 3, this query iteratively
interacts with instance-level localization queries within the
transformer decoder layers. This ensures its final image-
level prediction is informed by local evidence, while bet-
ter rectifying the instance queries with global information,
mimicking an expert’s reasoning process.

Method. Our decoder adapts the DINO’s denoising archi-
tecture [135]. Encoder features are fed into transformer de-
coder layers along with two types of queries: Object queries
that predict bounding boxes and the forgery type (removal
or editing) for suspected regions. Global Forensic Query
(GFQ) that produces a three-way image-level classification
(real, fully generated, or regionally edited). The decoder is
trained end-to-end using DINO’s loss functions, augmented
with a cross-entropy loss for the image-level classification
of our GFQ. Further details are provided in the Appendix.

6. Experiments

6.1. Implementation Details

We adopted the small versions of Swin-Transformer [61]
and ConvNeXt [62] as the backbones for our main model
and the Artifact Decouple Network (ADN), respectively.
All models were trained with a batch size of 32. We used
the AdamW [64] optimizer, with a learning rate that de-
cayed from 8e-6 to 0. The specific training iterations varied
by dataset: DanceText: 120,000 iterations. T-IC13: 15,000
iterations. OSTF: 80,000 iterations of Texture Jitter pre-
training [80], followed by 10,000 iterations of fine-tuning.
Input images were resized to 1024x1536 for text images
and 512x512 for non-text images. For non-text images, a
patch size of 32 was used. Image-level performance for
the three-way classification task (real, fully-synthesized, or
regionally edited) was evaluated using the balanced accu-
racy metric [35, 132]. Instance-level counterfeit text detec-
tion performance was evaluated using F1-score, calculated
with the ICDAR2015 DetEval Protocol [46]. This evalua-
tion methodology adheres to standard practices in both text
detection [96, 97, 130] and Al-counterfeited text detection
research [80, 117, 118].

6.2. Comparison Study

For a fair comparison, all models in Table 2 were re-trained
on the DanceText-Train dataset using the same backbone

and training configurations. Since previous models origi-
nally lack image-level classification capabilities, we added
a fully-connected layer to the top of their backbones to serve
as a classification head.

As shown in Table 2, all models perform well on the in-
domain test set. Their performance on the cross-image-type
set (CT) is comparable, demonstrating that our DanceText
dataset contains sufficient diversity to support generaliza-
tion to unseen image types. However, all models exhibit
a significant performance drop in cross-generator evalua-
tions (CG vs. Test, CTG vs. CT), which indicates that deep
models tend to overfit to specific generator artifacts. Perfor-
mance also degrades in cross-language evaluations (CL vs.
Test), particularly for the localization F1-score. This sug-
gests that the learned features are highly coupled with the
text’s visual content, as merely changing the language de-
grades performance even when the generator is unchanged.
When both the language and generator are changed (CLG
vs. Test), this degradation becomes even more pronounced.
Finally, all models performed worst on the counterfeits pro-
duced manually by real-world software and apps (RW and
RWT). This difficulty arises because these real-world tools
use proprietary generators trained on in-house data, which
are optimized to produce highly realistic forgeries. Further-
more, they often integrate post-processing steps that con-
ceal generator artifacts.

Despite these challenges, our model demonstrates supe-
rior robustness. The Forensic Decoupling Encoder effec-
tively decouples generator artifacts from visual content, al-
leviating performance loss in cross-language scenarios. By
leveraging diverse non-text data and aligning artifact fea-
tures, our model also achieves better cross-generator gen-
eralization. Furthermore, the Synergy Denoising Decoder
facilitates more robust analysis by synergizing the classifi-
cation and localization tasks. These designs significantly
mitigate cross-domain performance degradation, enabling
our model to considerably outperform existing methods. As
shown in Table 2, our model also achieves state-of-the-art
results on both T-IC13 [117] and OSTF [80] datasets when
trained and tested under the same configurations as previous
work, further validating the effectiveness of our designs.

The qualitative comparison provided in Figure 8 further
confirms the effectiveness of the proposed method. Due
to page limitations, additional comparison studies are pro-
vided in the Appendix, including per-generator and per-
language breakdowns, results against segmentation-based
models, and cross-dataset analyses.

6.3. Ablation Study

Ablation results for DS-Net are presented in Table 4. Set-

ting (1) corresponds to the DINO baseline [135] without any

proposed modules. Setting (9) represents the full DS-Net.
Key findings: Setting (9) outperforms (2): Internal patch
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Method Test CT CG CTG CL CLG RW RWT AVG

Acc. F1 Acc. F1 Acc. FI Acc. FI Acc. F1 Acc. F1 Acc. F1 Acc. Fl Acc. Fl
RFRM [118] 92.8 73.1 93.8 758 76.2 52.9 59.4 39.7 92.5 58.7 58.7 33.5 59.1 52 61.6 12.0 74.3 43.9
EAST [142]-S3R [117] 922 63.3 934 67.2 74.8 47.4 58.7 344 92.1 50.2 584 274 60.3 5.1 624 9.5 74.0 38.1
PSENet [112]-S3R [117] 92.4 67.4 934 719 749 49.8 59.0 36.1 92.2 534 584 299 604 57 626 11.4 742 40.7
ATRR [114]-S3R [117] 92.5 729 93.6 76.6 75.5 53.2 59.2 40.3 92.2 58.8 58.5 32.0 60.8 6.4 63.0 13.7 744 442
CounterNet [115]-S3R [117] 92.3 74.2 93.5 78.5 753 56.5 59.3 41.6 92.2 60.1 58.6 33.8 60.7 7.6 63.0 14.1 744 458
FRCNN [85]-DAF [80] 92.6 77.3 939 80.3 75.5 58.7 59.2 43.5 925 62.9 59.2 36.1 61.0 9.5 632 16.0 74.6 48.0
CRCNN [9]-DAF [80] 92.6 78.5 93.8 81.2 75.6 604 58.9 448 924 64.0 59.1 38.6 60.8 9.8 635 17.9 74.6 494
DS-Net (Ours) 93.2 83.6 94.0 86.1 80.8 68.7 67.9 45.3 92.6 72.1 63.5 394 61.7 12.3 66.2 24.3 77.4 53.9

Table 2. Comparison on the eight test subsets of DanceText dataset. “Acc.”:

Category-balanced accuracy of image-level classification.

“F17: Instance-level F1-score of regional editing and removal detection, this score is only evaluated on regionally counterfeited images.

T-IC13 [117] OSTF [80]

Method P R F P R F
RFRM [118] 83.3 90.2 86.6 56.4 40.3 42.3
EAST [142]-S3R [117] 70.2 70.0 69.9 52.2 36.8 38.4
PSENet [142]-S3R [117] 79.9 79.4 79.7 53.7 38.6 40.0
ATRR [142]-S3R [117] 84.6 90.6 87.5 56.8 414 429
CounterNet [142]-S3R [117] 86.7 91.5 89.0 58.6 42.6 44.5
FRCNN [142]-DAF [80] 91.4 96.3 93.8 77.6 72.6 73.7
CRCNN [142]-DAF [80] 924 96.7 94.4 804 724 75.0
DS-Net (Ours) 93.6 97.4 955 82.9 76.7 78.2

Table 3. Comparison study on the public Tampered-IC13 and
OSTF datasets. “P”: Precision. “R”: Recall. “F”: F1-score.

. T-IC13 OSTF DanceText
Set. Ablation Fi 5] Ace. FI
1) Baseline 88.5 72.5 742 451
2) w.o. Internal Shuffle 93.8 75,5 756 51.6
3) w.o. External Shuffle 914 749 759 50.5
“) W.0. Lant 89.3 73.8 758 479
5) w.0. Lat - - 76.7 51.1
6) w.0. Laq 90.8 75.0 763 49.0
(@) w.0. ADN (Sec. 5.1) 89.3 73.8 754 473
(8) w.o. Synergy (Sec. 5.2) 95.3 773 759 51.8
) DS-Net (Ours) 95.5 782 774 539

Table 4. Ablation study of DS-Net. “Acc.”: Balanced accuracy.

shuffle breaks semantics in non-text images, enabling effec-
tive artifact-content decoupling. (9) outperforms (3): Ex-
ternal shuffle bridges task gaps, allowing use of image-level
synthesized and labeled fake data to improve regional coun-
terfeit localization. (9) outperforms (4): L4y, significantly
improves utilization of non-text fake images. (9) outper-
forms (5): L4 reduces overfitting to forgery-irrelevant vi-
sual content. (9) outperforms (6): Without L,, artifact fea-
tures from text and non-text domains reside in different la-
tent spaces; alignment is essential for bridging domain gaps.
(7) under-performs (9) by removing the ADN module and
the three losses from (9): ADN extracts more generalized
artifact features that are essential for cross-domain gener-

Forged Tnage  Ground-Truth  CoumterNet+S3R  CRCNNWDAF  DS-Net (Ours)

Figure 8. Visual qualitative comparison on DanceText.

alization. (8) under-performs (9) by removing the Global
Forensic Query from (9): The Synergy Denoising Decoder
enables a “1 + 1 > 2” synergistic effect between image-
level classification and regional localization. Each proposed
module contributes to performance improvements. Due to
page constraints, further ablation experiments, including ro-
bustness evaluations, are provided in the Appendix.

7. Conclusion

In this paper, we addressed the urgent challenge of detecting
Al-counterfeited text images by introducing two primary
contributions: the DanceText dataset and the DS-Net de-
tection model. We demonstrated that existing datasets are
inadequate for real-world scenarios due to severe limita-
tions in scale, diversity, and forgery realism. To overcome
this, we developed the Creative Proposer pipeline to con-
struct DanceText, a comprehensive benchmark that is the
first to include forgeries from modern MLLMs and com-
mercial applications, thereby bridging the gap to real-world
threats. Furthermore, our proposed DS-Net architecture in-
troduces novel forensic decoupling and task synergy mech-
anisms, achieving state-of-the-art performance and demon-
strating remarkable generalization to unseen forgeries. To-
gether, DanceText and DS-Net not only set a new standard
for research in this domain but also provide a robust foun-
dation for developing next-generation security tools. We
believe this work will significantly accelerate progress in
combating text counterfeiting and foster a more secure in-
formation ecosystem.
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