
MDiff4STR: Mask Diffusion Model for Scene Text Recognition

Yongkun Du1*, Miaomiao Zhao2*, Songlin Fan1,3, Zhineng Chen1†, Caiyan Jia2, Yu-Gang Jiang1

1Institute of Trustworthy Embodied AI, Fudan University, China
2School of Computer Science and Technology, Beijing Jiaotong University, China

3China Mobile Shanghai ICT Co., Ltd., China
ykdu23@m.fudan.edu.cn, {zhinchen,slfan,ygj}@fudan.edu.cn, {miaomiao zhao,cyjia}@bjtu.edu.cn

Abstract

Mask Diffusion Models (MDMs) have recently emerged as a
promising alternative to auto-regressive models (ARMs) for
vision-language tasks, owing to their flexible balance of effi-
ciency and accuracy. In this paper, for the first time, we intro-
duce MDMs into the Scene Text Recognition (STR) task. We
show that vanilla MDM lags behind ARMs in terms of ac-
curacy, although it improves recognition efficiency. To bridge
this gap, we propose MDiff4STR, a Mask Diffusion model
enhanced with two key improvement strategies tailored for
STR. Specifically, we identify two key challenges in applying
MDMs to STR: noising gap between training and inference,
and overconfident predictions during inference. Both signif-
icantly hinder the performance of MDMs. To mitigate the
first issue, we develop six noising strategies that better align
training with inference behavior. For the second, we propose
a token-replacement noise mechanism that provides a non-
mask noise type, encouraging the model to reconsider and re-
vise overly confident but incorrect predictions. We conduct
extensive evaluations of MDiff4STR on both standard and
challenging STR benchmarks, covering diverse scenarios in-
cluding irregular, artistic, occluded, and Chinese text, as well
as whether the use of pretraining. Across these settings, MD-
iff4STR consistently outperforms popular STR models, sur-
passing state-of-the-art ARMs in accuracy, while maintaining
fast inference with only three denoising steps.

Code — https://github.com/Topdu/OpenOCR

1 Introduction
Scene Text Recognition (STR), as a base task in Optical
Character Recognition (OCR) systems, has remained a fo-
cal point of research in computer vision. In natural scenes,
STR faces a wide range of complex challenges (Chen et al.
2022), including curved and distorted text, varying orienta-
tions, occlusions, image blur, and artistic fonts. To address
these issues, researchers have proposed a wealth of innova-
tive solutions that significantly enhance the robustness and
accuracy of recognition models in real-world applications.

Among STR methods, auto-regressive models (ARMs)
(Shi et al. 2019; Sheng, Chen, and Xu 2019; Li et al. 2019;
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Figure 1: (a) Auto-regressive models (ARMs), (b) Parallel
decoding models (PDMs), (c) BERT-like refinement mod-
els (ReMs), (d) Mask diffusion models (MDMs). Fv means
visual features. MDMs learn to reconstruct character se-
quences from partially masked inputs through a denoising
process, capturing more flexible and comprehensive omnidi-
rectional dependencies than ARMs and refinement models.

Yue et al. 2020; Jiang et al. 2023; Xie et al. 2022; Zheng
et al. 2023, 2024; Xu et al. 2024; Yang et al. 2024; Zhou
et al. 2024; Du et al. 2025c,a) have emerged as one of the
most prominent due to their strong sequence modeling capa-
bilities and achieved state-of-the-art results across standard
and challenging benchmarks (Wang et al. 2021; Jiang et al.
2023; Chen et al. 2021). However, the inherently sequential
nature of ARMs limits their decoding efficiency.

Recently, mask diffusion models (MDMs) (Shi et al.
2024; Sahoo et al. 2024; Nie et al. 2025; You et al. 2025), a
novel non-auto-regressive paradigm, have demonstrated su-
perior performance in both efficiency and accuracy. On the
one hand, as shown in Fig. 1(d), MDMs learn to reconstruct
original sequences from partially masked inputs by pro-
gressively denoising them. This formulation not only over-
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comes the unidirectional (left-to-right) modeling limitation
of ARMs, but also surpasses the rigid bidirectional model-
ing of BERT-like models, enabling the capture of more flex-
ible and comprehensive omnidirectional dependencies (Shi
et al. 2024; Sahoo et al. 2024). Given that STR is fundamen-
tally reliant on strong language understanding, MDMs show
great potential in offering a novel and promising paradigm
for enhancing STR performance. On the other hand, its de-
noising process is highly efficient and controllable, allowing
accurate predictions to be produced within only a few steps.

In this paper, we introduce, for the first time, MDMs into
the STR task. However, experimental results reveal that the
vanilla MDM offers notable advantages in inference effi-
ciency, but it still falls short in recognition accuracy com-
pared to ARMs. To uncover the causes of this performance
gap, we identify two key limitations: (1) Noising gap be-
tween training and inference. MDMs are typically trained
with randomly noisy, while during inference, the model
is exposed to structured and deterministic noisy patterns.
These patterns are rarely encountered during training, result-
ing in poor generalization and degraded recognition perfor-
mance; (2) Overconfident predictions during inference. We
observe that MDMs tend to assign excessively high confi-
dence scores to their predictions even when incorrect. This
overconfidence hampers the effectiveness of the confidence-
based remask mechanism, making it difficult for the model
to identify and correct earlier mistakes, thereby undermining
the overall efficacy of the multi-step denoising process.

To address the aforementioned challenges, we propose
MDiff4STR, a Mask Diffusion Model tailored for STR. It
is a novel MDM paradigm for STR incorporating two key
innovations. First, we introduce six noising strategies for
training. They accurately simulate the noising patterns en-
countered during inference, effectively mitigating the nois-
ing gap. Second, we introduce a token-replacement noise
mechanism, a novel noise type distinct from masking. This
mechanism enables the model to reconsider and correct its
own overconfident yet incorrect predictions, leading to more
accurate recognition results.

Experiments on multiple public STR benchmarks demon-
strate that MDiff4STR consistently outperforms popular
STR models, surpassing state-of-the-art ARMs in accuracy.
Meanwhile, it also maintains fast inference because it only
requires three denoising steps. These results indicate that
MDiff4STR establishs a novel STR paradigm, simultane-
ously achieving superior accuracy and high efficiency. The
contributions of this paper are threefold:

• To the best of our knowledge, we introduce MDMs into
the STR task for the first time, pioneering a novel alter-
native to ARMs that enables a flexible trade-off between
accuracy and efficiency.

• We identify two key challenges in applying the the MDM
in STR: noising gap between training and inference, and
overconfident predictions during inference. To address
these issues, we propose six tailored noise strategies as
well as a token-replacement noise mechanism.

• We present MDiff4STR, a MDM-based framework for
STR that outperforms state-of-the-art ARMs in recogni-
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Figure 2: The network of MDiff4STR. Fv and Tm denote
the visual features and the noised tokens, respectively.

tion accuracy while achieving 3× faster inference, estab-
lishing a novel paradigm for the task.

2 Related Work
Scene Text Recognition (STR), as a typical vision-language
task, often heavily relies on linguistic context to achieve
accurate recognition. Most efforts (Shi et al. 2016, 2019;
Sheng, Chen, and Xu 2019; Li et al. 2019; Yue et al. 2020;
Jiang et al. 2023; Xie et al. 2022; Zheng et al. 2024; Xu
et al. 2024; Yang et al. 2024; Zhou et al. 2024; Du et al.
2025c,a; Su et al. 2025) integrate language modeling capa-
bilities into STR using autoregressive models (ARMs). As
illustrated in Fig. 1(a), ARMs predict characters through
iterative decoding, explicitly modeling the contextual de-
pendencies between characters. However, the inherently se-
quential nature of ARMs limits their decoding efficiency. To
overcome this limitation and improve inference speed, re-
searchers have proposed parallel decoding models (PDMs)
(Wang et al. 2020, 2021; Wang, Da, and Yao 2022; Du et al.
2025b; Zhang et al. 2023; Qiao et al. 2021; Yang, Qiao, and
Zhou 2025), as illustrated in Fig. 1(b). These models aban-
don token-to-token dependency modeling and instead gen-
erate the entire character sequence simultaneously, resulting
in a significant boost in decoding speed. However, due to
the absence of contextual modeling, their recognition accu-
racy generally lags behind that of ARMs. To strike a bet-
ter balance between speed and accuracy, some works (Yu
et al. 2020; Fang et al. 2021; Bautista and Atienza 2022;
Na, Kim, and Park 2022; Wei et al. 2024) have introduced
BERT-like architectures (Devlin et al. 2019), as depicted in
Fig. 1(c). These models first produce an initial results in par-
allel and then refine the predictions by incorporating con-
textual information. While this strategy mitigates the lack
of contextual understanding in purely parallel models, it can
be sensitive to initial prediction errors, which may propa-
gate during refinement (Jiang et al. 2023; Du et al. 2025d),
limiting their ability to outperform ARMs. MDM, distinct
from them, learns to reconstruct character sequences from
partially masked inputs through a denoising process, cap-
turing more flexible and comprehensive omnidirectional de-
pendencies than ARMs and refinement models. Moreover,
its denoising process is highly efficient and controllable,
enabling accurate predictions to be produced in just a few
steps, thereby achieving faster inference.

3 Method
Our MDiff4STR is a novel STR method based on the re-
cent MDM. Fig. 2 provides details of the model architec-
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Figure 3: (a) and (b) denote the denoising training and inference of the vanilla MDM, respectively. (c) depicts the error-
correction training enabled by our proposed token-replacement noise mechanism. MDiff4STR jointly leverages (a) denoising
and (c) error-correction training to achieve (d) the denoising process augmented with corrective capability. Red boxes indicate
errors caused by overconfident predictions, whereas green boxes highlight correct reasoning performed by MDiff4STR. MT

and MI denote the mask strategy for training and the remask strategy for inference, respectively.

ture, while Fig. 3 illustrates the overall training and infer-
ence pipeline. Given an input text image X ∈ RH×W×3 and
its corresponding text label Y = {y1, y2, . . . , yL} ∈ VL,
where V denotes the vocabulary, we uses SVTRv2 (Du et al.
2025d), a visual encoder specially designed for STR, to ex-
tract image features Fv ∈ RH

8 ×W
4 ×D. On the textual side,

the character sequence Y is noised by the mask token to pro-
duce noised token sequence Tm ∈ RL×D. The mask diffu-
sion decoder then performs a denoising process conditioned
on the visual features to predict the final recognition.

3.1 Vanilla Mask Diffusion Model
In the denoising training of the vanilla MDM, the charac-
ter sequence Y is partially and randomly masked with a
mask token [MASK], resulting in a noised version Ym =
MT (Y) ∈ VL. MT means the mask strategy for training.
The mask diffusion decoder then recovers the original se-
quence Y from the noised sequence Ym, conditioned on
the image features Fv . The entire training process can be
formally described as:

Fv = SVTRv2(X), Tm = Embedding(Ym)

T̃ = MDiffDecoder(Fv,Tm), Ỹ = Classifier(T̃)

where Embedding(·) is a learnable character embed-
ding layer that maps characters into a vector space, and
Classifier(·) maps the decoded tokens back to character.

The inference process is modeled as K-step denoising dif-
fusion process. The first step, the token sequence is entirely
set to mask tokens, representing a completely unknown char-
acter sequence. Then, K − 1 remask steps are applied to
progressively generate the final prediction ỸK :

Y1
m = [MASK]⊗L, Ti

m = Embedding(Yi
m)

T̃i = MDiffDecoder(Fv,T
i
m), Ỹi = Classifier(T̃i)

Yi+1
m = MI(Ỹ

i)

Depending on the remask strategy for inference MI ,
the MDM can flexibly implement multiple decoding
paradigms. Specifically, as shown in Fig. 4(b), when the full

mask is adopted, parallel decoding (MDiff-PD) is formed.
Fig. 4(c/d) respectively illustrate the forward and backward
auto-regressive denoising processes. To maintain consis-
tency with previous ARMs, we only consider the denoising
behaviour in Fig. 4(c) as auto-regressive decoding (MDiff-
AR). Fig. 4(e) corresponds to BERT-like refinement decod-
ing (MDiff-Re). In addition, the MDM introduces a unique
and efficient decoding method: confidence-guided remask.
Fig. 4(f) demonstrates low-confidence remask (MDiff-LC),
where after each denoising step, low-confidence tokens de-
noting below the average confidence score are remasked
based on predicted confidence and fed into the next iteration.
This approach leverages the MDM’s ability to repair uncer-
tain predictions. However, this strategy is prone to the con-
fidence trap, where certain tokens are repeatedly remasked
in each iteration, leading to generation stagnation. To avoid
this issue, MDiff-BLC (Fig. 4(g)) adopts remask for low-
confidence tokens within a fixed-size local block, effectively
avoiding the confidence trap. Here, the block size is set to L

K .

3.2 Training Mask Strategies (MT )
During training, as shown in Fig. 4(a), the vanilla MDM typ-
ically adopts random mask strategies to corrupt input se-
quences. In contrast, the inference process begins with a
fully masked token sequence (Fig. 4(b)) and then is followed
by a multi-step denoising process using the remask strate-
gies MI in Fig. 4(c/d/e/f/g).

The full mask and remask strategies for inference are in-
cluded in the training of the randomized mask strategy, but
with minimal frequency. This creates noising gap between
training and inference, leading to poor generalization. To
address this issue, we use seven mask strategies (noted as
MT )), i.e. Fig. 4(a/b/c/d/e/f/g), from which one is uniformly
sampled during training for each input sequence. This design
significantly improves the model’s robustness and adaptabil-
ity to the remask patterns encountered during inference.

3.3 Token-Replacement Noise Mechanism
MDMs tend to be overconfident and often assign high confi-
dence score to incorrect predictions. For example, the char-
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Figure 4: (a) illustrates random token masking for training.
(b) shows the full mask strategy, which is used as the initial
denoising step during inference. Subfigures (b–g) present
various remasking strategies for inference and also server
as noise strategies in training to eliminate the noising gap.

acter “F” in Fig. 3(b) is predicted with a high confidence
score of 0.95, preventing it from being remasked. As a re-
sult, the incorrect prediction cannot be corrected in subse-
quent steps, ultimately leading to a misrecognized output.

To address this issue, we propose a token-replacement
noise mechanism. Specifically, we randomly replace certain
characters in the original sequence Y with another charac-
ter to construct a corrupted sequence Yr ∈ VL. This se-
quence is then embedded into token representations Tr =
Embedding(Yr) ∈ RL×D, which serve as input to simulate
erroneous predictions. An example of such corruption is il-
lustrated in Fig. 3(c), demonstrating how the model handles
incorrect tokens during training. This method closely emu-
lates the “erroneous yet high-confidence” scenarios encoun-
tered during inference. Subsequently, the model is trained to
correct these incorrect tokens as part of the denoising task:

T̃ = MDiffDecoder(Fv,Tr), Ỹ = Classifier(T̃)

As shown in Fig. 3(d), our token-replacement noise mech-
anism enables robust error correction during iterative de-
coding. Consequently, even if the error token “F” is not re-
masked in a given iteration, the model can still rectify it in
subsequent iterations. Additionally, the token-replacement
noise mechanism presents a novel and effective noise type
distinct from simple masking, suggesting that MDM noise
paradigms can extend beyond masking to unlock new re-
search avenues.

3.4 Training Objectives
MDiff4STR integrates two distinct training objectives, cor-
responding to the structures shown in Fig. 3(a) and 3(c), re-
spectively. They are defined as follows:

Ldenoising = − 1

l1

∑L

i=1
1[Yi

l1 = M] log pθ(Y
i | Yl1)

Lcorrection = − 1

L

∑L

i=1
log pθ(Y

i | Yl2)

Ltotal = Ldenoising + Lcorrection

Here, Yl1 = Ym and Yl2 = Yr. The terms l1 and l2
denote the number of tokens that are masked and the number
of tokens that are randomly replaced with other characters,
respectively. Both l1 and l2 are sampled uniformly from the
range [0, L], where L is the length of the character sequence.

In the denoising loss Ldenoise, 1[Yi
l1

= M] is an indica-
tor function that equals 1 only if the token at position i is
a [MASK] token. This ensures that the model is supervised
exclusively on the masked positions. The term pθ(Y

i | Yl1)
represents the probability of the model predicting the origi-
nal token Yi at position i, given the masked input sequence
Yl1 . Conversely, for the correction loss Lcorrection, the super-
vision is applied across the entire sequence. This is critical
because, during inference, the model has no prior knowl-
edge of which tokens are incorrect. Therefore, the correc-
tion training requires the model to make predictions for all
tokens, compelling it to learn error correction capabilities
under conditions of unknown perturbations. The final train-
ing objective Ltotal is the sum of these two losses.

4 Experiments
4.1 Datasets and Implementation Details
For English recognition, we train MDiff4STR on U14M-
Filter (Du et al. 2025d), which without data leakage. Then,
we evaluate MDiff4STR across multiple benchmarks cov-
ering diverse scenarios. They are: 1) six common reg-
ular and irregular benchmarks (Com), including ICDAR
2013 (IC13) (KaratzasAU et al. 2013), Street View Text
(SVT) (Wang, Babenko, and Belongie 2011), IIIT5K-Words
(IIIT5K) (Mishra, Karteek, and Jawahar 2012), ICDAR
2015 (IC15) (Karatzas et al. 2015), Street View Text-
Perspective (SVTP) (Phan et al. 2013) and CUTE80 (An-
har et al. 2014). For IC13 and IC15, we use the versions
with 857 and 1811 images, respectively; 2) Union14M-
Benchmark (U14M) (Jiang et al. 2023), which includes
seven challenging subsets: Curve, Multi-Oriented, Artistic,
Contextless, Salient, Multi-Words and General; 3) occluded
scene text dataset (OST) (Wang et al. 2021), which requires
contextual reasoning for accurate recognition.

For Chinese recognition, we use BCTR (Chen et al. 2021)
including four scenarios. We trained the model on integra-
tion of the four subsets and then evaluated it on the test sets:
Scene, Web, Document (Doc) and Hand-Writing (HW).

We use AdamW optimizer (Loshchilov and Hutter 2019)
with a weight decay of 0.05 for training. The learning rate
(LR) is set to 5×10−4 and batchsize is set to 1024. One cycle
LR scheduler (I. Loshchilov and Hutter 2017) with 1.5/4.5
epochs linear warm-up is used in all the 40/100 epochs for
English and Chinese model, respectively. Word accuracy is
used as the evaluation metric. Data augmentation like rota-
tion, perspective distortion, motion blur, and gaussian noise,
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Figure 5: The first two figures present the denoising process of MDiff4STR, while the last three demonstrate its reasoning advan-
tage over ARM and ReM in omnidirectional contextual modeling involving occluded or artistic text recognition. V-MDiff4STR
represents indicates that the token-replacement noise mechanism is not used during training. Red characters and underline de-
note the misrecognition and misspelling, respectively. Red boxes indicate errors caused by overconfident predictions, whereas
green boxes highlight correct reasoning performed by MDiff4STR. * indicates tokens that are remasked as the [mask].

Com U14M OST TimeLC BLC LC BLC LC BLC

K

1 96.88 96.88 86.69 86.69 81.31 81.31 10.52
2 97.19 97.19 88.05 88.05 83.69 83.69 15.56
3 97.29 97.30 88.37 88.44 84.21 84.25 19.21
4 97.31 97.28 88.42 88.59 84.19 84.27 23.11
5 97.31 97.28 88.42 88.50 84.19 84.42 25.70
6 97.31 97.29 88.42 88.57 84.19 84.33 28.74
7 97.31 97.24 88.42 88.63 84.19 84.09 30.64
8 97.31 97.24 88.42 88.65 84.19 84.11 32.74

N

2 96.73 96.71 87.92 87.95 81.66 81.64 12.26
4 96.92 97.07 88.04 88.10 82.30 82.33 16.07
6 97.29 97.30 88.37 88.44 84.21 84.25 19.21
8 97.00 97.00 87.63 87.80 82.65 82.72 23.04

Table 1: Ablation study on the number of denoising steps K
and decoder layers N in MDiff4STR.

are randomly performed. The maximum text length is set
to 25. The vocabulary size |V| is set to 94 for English and
6624 (Li et al. 2022) for Chinese. All models are trained on
4 RTX 3090 GPUs.

4.2 Ablation Study

Tab. 1 presents the impact of the number of denoising steps
(K) and decoder layers (N ) on both accuracy and inference
speed. Based on the results, we set K = 3 and N = 6 to
achieve a balance between accuracy and efficiency.

To fairly evaluate the effectiveness of MDiff4STR, we im-
plemented three baseline models: ARMbase, PDMbase, and
ReMbase, using the exact same model architecture shown in
Fig. 2(a) and training setting present in Sec. 4.1. As shown
in the first part of Tab. 2, ARMbase achieves superior perfor-
mance compared to all previous methods (refer to Tab. 3),
which supports the robustness of our baseline models.

Decoding MT TRN Com U14M OST Time
PDMbase - - 95.78 83.54 74.77 10.52
ARMbase - - 96.88 87.34 81.03 57.95
ReMbase - - 96.05 84.91 78.98 20.11
MDiff-PD R × 95.76 84.36 76.70 10.52
MDiff-AR R × 96.31 85.62 77.79 66.35
MDiff-Re R × 96.24 84.93 79.41 20.11
MDiff-LC R × 96.43 85.33 79.41 19.21
MDiff-BLC R × 96.42 85.42 79.93 19.21
MDiff-PD R+All × 96.03↑0.27 86.00↑1.64 78.93↑2.23 10.52
MDiff-AR R+All × 96.58↑0.26 87.13↑1.51 79.94↑2.14 66.35
MDiff-Re R+All × 96.77↑0.53 86.84↑1.91 81.45↑2.04 20.11
MDiff-LC R+All × 96.95↑0.53 86.98↑1.65 81.86↑2.45 19.21
MDiff-BLC R+All × 96.98↑0.57 87.09↑1.67 81.92↑2.00 19.21
MDiff-PD R+All ✓ 96.88↑1.13 86.69↑2.33 81.31↑4.61 10.52
MDiff-AR R+All ✓ 97.09↑0.78 88.63↑3.01 82.47↑4.68 66.35
MDiff-Re R+All ✓ 97.12↑0.88 88.16↑3.23 83.90↑4.49 20.11
MDiff-LC R+All ✓ 97.29↑0.87 88.37↑3.04 84.21↑4.80 19.21
MDiff-BLC R+All ✓ 97.30↑0.88 88.44↑3.02 84.25↑4.33 19.21

Base +(b) +(c) +(d) +(e) +(f) +(g)

U14M 85.42 ↑1.04 ↑1.37 ↑1.41 ↑1.46 ↑1.53 ↑1.67

Table 2: Top: Influence of the training mask strategies MT

and the token-replacement noise mechanism (TRN). R de-
notes the random mask strategy, and R+All denotes using all
of the mask strategies in Fig. 4 for training. Bottom: Abla-
tion on the six masks in Fig. 4. Here, +(*) means using the
mask in Fig. 4(*) gradually.

Effectiveness of the MDM in STR. The vanilla MDM (sec-
ond part of Tab. 2) is trained using only a random mask strat-
egy. During inference, we explore five different denoising
inference paradigms (MDiff-PD/AR/Re/LC/BLC, detailed
in Sec. 2.2). Among these, The results show that MDiff-
LC and MDiff-BLC, which represent entirely new decoding
strategies distinct from previous STR methods, both achieve
competitive results comparing with the existing STR meth-
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IIIT5k SVT ICDAR2013 ICDAR2015 SVTP CUTE80 ∥ Curve Multi-Oriented Artistic Contextless Salient Multi-Words General

Method Common Benchmarks (Com) Avg Union14M-Benchmark (U14M) Avg OST Size

CRNN TPAMI (2017) 95.8 91.8 94.6 84.9 83.1 91.0 90.21 48.1 13.0 51.2 62.3 41.4 60.4 68.2 49.24 58.0 16.2
SVTR-B IJCAI (2022) 98.0 97.1 97.3 88.6 90.7 95.8 94.58 76.2 44.5 67.8 78.7 75.2 77.9 77.8 71.17 69.6 18.1

C
T
C SVTRv2-B ICCV (2025d) 99.2 98.0 98.7 91.1 93.5 99.0 96.57 90.6 89.0 79.3 86.1 86.2 86.7 85.1 86.14 80.0 19.8

DAN AAAI (2020) 97.5 94.7 96.5 87.1 89.1 94.4 93.24 74.9 63.3 63.4 70.6 70.2 71.1 76.8 70.05 61.8 27.7
SEED CVPR (2020) 96.5 93.2 94.2 87.5 88.7 93.4 92.24 69.1 80.9 56.9 63.9 73.4 61.3 76.5 68.87 62.6 24.0
AutoSTR ECCV (2020) 96.8 92.4 95.7 86.6 88.2 93.4 92.19 72.1 81.7 56.7 64.8 75.4 64.0 75.9 70.09 61.5 6.0
RoScanner ECCV (2020) 98.5 95.8 97.7 88.2 90.1 97.6 94.65 79.4 68.1 70.5 79.6 71.6 82.5 80.8 76.08 68.6 48.0
PARSeq ECCV (2022) 98.9 98.1 98.4 90.1 94.3 98.6 96.40 87.6 88.8 76.5 83.4 84.4 84.3 84.9 84.26 79.9 23.8
MAERec ICCV (2023) 99.2 97.8 98.2 90.4 94.3 98.3 96.36 89.1 87.1 79.0 84.2 86.3 85.9 84.6 85.17 76.4 35.7
LISTER ICCV (2023) 98.8 97.5 98.6 90.0 94.4 96.9 96.03 78.7 68.8 73.7 81.6 74.8 82.4 83.5 77.64 77.1 51.1
CDistNet IJCV (2024) 98.7 97.1 97.8 89.6 93.5 96.9 95.59 81.7 77.1 72.6 78.2 79.9 79.7 81.1 78.62 71.8 43.3
CAM PR (2024) 98.2 96.1 96.6 89.0 93.5 96.2 94.94 85.4 89.0 72.0 75.4 84.0 74.8 83.1 80.52 74.2 58.7
OTE CVPR (2024) 98.6 96.6 98.0 90.1 94.0 97.2 95.74 86.0 75.8 74.6 74.7 81.0 65.3 82.3 77.09 77.8 20.3
SMTR AAAI (2025a) 99.0 97.4 98.3 90.1 92.7 97.9 95.90 89.1 87.7 76.8 83.9 84.6 89.3 83.7 85.00 73.5 15.8
IGTR TPAMI (2025c) 98.7 98.4 98.1 90.5 94.9 98.3 96.48 90.4 91.2 77.0 82.4 84.7 84.0 84.4 84.86 76.3 24.1
MDiff4STR-S-AR 99.2 98.1 98.6 90.4 94.9 98.3 96.58 91.8 94.2 79.8 85.4 88.1 86.9 85.9 87.42 79.3 18.9

A
R
M

MDiff4STR-B-AR 99.1 98.1 99.2 91.6 96.0 98.6 97.09 93.6 94.6 81.9 86.5 88.1 89.0 86.7 88.63 82.5 31.9
VisionLAN ICCV (2021) 98.2 95.8 97.1 88.6 91.2 96.2 94.50 79.6 71.4 67.9 73.7 76.1 73.9 79.1 74.53 66.4 32.9
MGP-STR ECCV (2022) 97.9 97.8 97.1 89.6 95.2 96.9 95.75 85.2 83.7 72.6 75.1 79.8 71.1 83.1 78.65 78.7 148
LPV IJCAI (2023) 98.6 97.8 98.1 89.8 93.6 97.6 95.93 86.2 78.7 75.8 80.2 82.9 81.6 82.9 81.20 77.7 30.5
CPPD TPAMI (2025b) 99.0 97.8 98.2 90.4 94.0 99.0 96.40 86.2 78.7 76.5 82.9 83.5 81.9 83.5 81.91 79.6 27.0
MDiff4STR-S-PD 98.6 98.1 98.5 89.1 93.8 97.9 96.00 90.4 92.3 77.9 83.2 86.0 80.5 84.6 84.98 77.4 18.9

P
D
M

MDiff4STR-B-PD 98.9 98.3 98.9 90.8 95.7 98.6 96.88 92.6 93.6 79.0 84.7 86.7 84.5 85.7 86.69 81.3 31.9
SRN CVPR (2020) 97.2 96.3 97.5 87.9 90.9 96.9 94.45 78.1 63.2 66.3 65.3 71.4 58.3 76.5 68.43 64.6 51.7
ABINet CVPR (2021) 98.5 98.1 97.7 90.1 94.1 96.5 95.83 80.4 69.0 71.7 74.7 77.6 76.8 79.8 75.72 75.0 36.9
MATRN ECCV (2022) 98.8 98.3 97.9 90.3 95.2 97.2 96.29 82.2 73.0 73.4 76.9 79.4 77.4 81.0 77.62 77.8 44.3
BUSNet AAAI (2024) 98.3 98.1 97.8 90.2 95.3 96.5 96.06 83.0 82.3 70.8 77.9 78.8 71.2 82.6 78.10 78.7 32.1
MDiff4STR-S-Re 99.0 98.1 98.0 90.0 94.3 97.9 96.22 92.0 93.9 80.4 84.1 87.1 85.2 85.8 86.93 81.7 18.9

R
e
M

MDiff4STR-B-Re 99.2 98.3 98.6 91.3 96.7 98.6 97.12 93.4 94.3 82.2 86.0 87.7 86.8 86.7 88.16 83.7 31.9
MDiff4STR-S-LC 99.0 98.3 98.4 90.2 94.9 97.9 96.44 91.8 94.1 80.1 85.1 87.3 84.3 85.9 86.95 81.3 18.9
MDiff4STR-B-LC 99.2 98.3 99.1 91.6 97.1 98.6 97.29 93.7 94.4 82.0 86.0 87.9 87.7 86.8 88.37 84.2 31.9
MDiff4STR-S-BLC 99.0 98.3 98.4 90.2 94.9 97.6 96.38 91.8 94.0 80.2 85.1 87.3 84.8 85.9 87.03 81.4 18.9
MDiff4STR-B-BLC 99.2 98.3 99.1 91.6 97.1 98.6 97.30 93.7 94.4 82.1 86.1 87.7 88.3 86.8 88.44 84.3 31.9

Table 3: All the models are trained on U14M-Filter from scratch. Size denotes the number of parameters of the model (×106).

ods in terms of accuracy (see Tab. 3), despite trailing behind
the ARMbase. Nonetheless, MDiff-BLC delivers a substan-
tial advantage in efficiency, achieving an average inference
speed 3× faster than ARMbase. These findings demonstrate
the potential of the MDM for the STR task.
Effectiveness of Training Mask Strategies. As shown in
the third part of Tab. 2, incorporating six training mask
strategies in Fig. 4 with the random mask strategy, all five
denoising paradigms of MDiff4STR exhibit significant per-
formance gains. On the Com, U14M, and OST the average
improvements are 0.43%, 1.68%, and 2.17%, respectively.
The U14M and OST, the more challenging test sets, benefit
most from the six training mask strategies, which effectively
bridge the noising gap between training and inference. Fur-
thermore, as shown in the bottom part of Tab. 2, all masks
contribute positively when added gradually. Among them,
the full mask strategy is the most effective, which can be
explained by its role as the initial denoising step, laying a
critical foundation for all subsequent denoising stages.
Effectiveness of Token-Replacement Noise. As shown in
the fourth part of Tab. 2, the token-replacement noise mech-
anism (TRN) further improves performance, boosting av-

erage accuracy over vanilla MDM by 0.91%, 2.93%, and
4.58% on Com, U14M, and OST, respectively. This allows
MDiff4STR-LC and MDiff4STR-BLC to outperform the
ARMbase using only three denoising steps. In addition, as
shown in Fig. 5, when the model encounters high-confidence
score but incorrect predictions (e.g., erroneous tokens that
were not re-masked), MDiff4STR can recognize and correct
these errors in subsequent denoising steps. This excellent
error correction ability and denoising stability is precisely
benefiting from our proposed TRN.
Effectiveness of the MDM’s Omnidirectional Language
Modeling. As a novel paradigm, MDiff4STR shows its most
representative strength on OST, where its accuracy improves
from 81.03% (ARMbase) to 84.25%, a 3.22% gain, and a
significant 5.27% increase over the ReMbase (78.98%). The
OST, which focuses on occluded scenes, is designed to eval-
uate a model’s contextual modeling ability to infer missing
or obstructed characters. Furthermore, the last three sam-
ples in Fig. 5 also illustrate that MDiff4STR outperforms
ARM and ReM when encountering occluded and artistic
text that requires contextual reasoning for correct recog-
nition. These results indicate that MDM’s omnidirectional
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Method Common Benchmarks (Com) Avg OST
E2STR (2024c) 99.2 98.6 98.7 93.8 96.7 99.3 97.71 80.7

VL-Reader (2024) 99.6 99.1 98.7 92.6 97.5 99.3 97.80 86.2
CLIP4STR (2024b) 99.4 98.6 98.3 90.8 97.8 99.0 97.32 82.8

DPTR (2024a) 99.5 99.2 98.5 91.8 97.1 98.6 97.45 -
IGTR (2025c) 99.2 98.3 98.8 92.0 96.8 99.0 97.34 86.5

SVTRv2-B (2025d) 99.2 98.6 98.8 93.8 97.2 99.4 97.83 86.9
MDiff4STR-BLC 99.5 98.5 98.9 94.1 97.4 99.7 98.02 87.4

Table 4: Quantitative comparison of MDiff4STR-B with the
advanced methods experienced large-scale pretraining.

contextual modeling (Shi et al. 2024; Sahoo et al. 2024) of-
fers a clear advantage over traditional unidirectional auto-
regressive methods (e.g., ARM) and bidirectional refine-
ment models (e.g., ReM).

4.3 Comparison with State-of-the-arts
To facilitate a systematic comparison, we categorize exist-
ing STR methods into four decoding paradigms: Connec-
tionist temporal classification (CTC)-based model (Graves
et al. 2006), ARM, PDM, and ReM, as summarized in
Tab. 3. To eliminate the influence of model size, we report
results for two MDiff4STR variants: MDiff4STR-S (18.9M
parameters) and MDiff4STR-B (31.9M parameters). Under
the ARM, PDM, and ReM paradigms, MDiff4STR-S and
MDiff4STR-B consistently outperform competing models
of similar size on Com, U14M, and OST. Notably, the one-
step denoising version, MDiff4STR-B-PD achieves state-
of-the-art results, outperforming previous bests by 0.31%,
0.55%, and 1.30% on the three benchmarks, respectively.
Further improvements are observed with the dedicated de-
coding strategy MDiff4STR-B-BLC, which outperforms the
previous best results by 0.73%, 2.30%, and 4.30% on Com,
U14M, and OST, respectively. In particular, the 4.30% gain
on OST demonstrates the effectiveness of MDiff4STR’s om-
nidirectional language modeling in capturing complex con-
textual dependencies, offering a novel and powerful decod-
ing paradigm for STR.

To explore the potential of MDiff4STR in leveraging
large-scale pretraining, we first pretrain it on synthetic
datasets (Gupta, Vedaldi, and Zisserman 2016; Jaderberg
et al. 2014) and then fine-tune it on the real-world dataset
U14M-Filter. As shown in Tab. 4, MDiff4STR clearly ben-
efits from pretraining: compared to training from scratch (in
Tab. 3), accuracy improves by 0.72% on Com and a signif-
icant 3.10% on OST. Compared with other state-of-the-art
pretrained models, MDiff4STR achieves the highest average
accuracy on both Com (98.02%) and OST (87.4%), further
validating the strength of its omnidirectional language mod-
eling framework for robust and generalizable STR.

In Tab. 5, we present the results of MDiff4STR on BCTR
(Chen et al. 2021), a challenging Chinese text recogni-
tion benchmark. Compared to English, Chinese text poses
greater complexity due to intricate stroke structures and a
significantly larger character set. Despite these challenges,
MDiff4STR outperforms the previous state-of-the-art by
1.3%, 1.5%, and 0.1% on the Scene, Web, and Document

Method Scene Web Doc HW Avg Size
CRNN (2017) 63.8 68.2 97.0 46.1 68.76 19.5

SVTR-B (2022) 77.9 78.7 99.2 62.1 79.49 19.8
DCTC (2024) 73.9 68.5 99.4 51.0 73.20 40.8

SVTRv2-B (2025d) 83.5 83.3 99.5 67.0 83.31 22.5
ASTER (2019) 61.3 51.7 96.2 37.0 61.55 27.2

MORAN (2019) 54.6 31.5 86.1 16.2 47.10 28.5
SAR (2019) 59.7 58.0 95.7 36.5 62.48 27.8

SEED (2020) 44.7 28.1 91.4 21.0 46.30 36.1
MASTER (2021) 62.8 52.1 84.4 26.9 56.55 62.8
TransOCR (2021) 71.3 64.8 97.1 53.0 71.55 83.9

PARSeq (2022) 84.2 82.8 99.5 63.0 82.37 28.9
CCR-CLIP (2023) 71.3 69.2 98.3 60.3 74.78 62.0

CAM (2024) 76.0 69.3 98.1 59.2 76.80 135
MAERec (2023) 84.4 83.0 99.5 65.6 83.13 40.8
LISTER (2023) 79.4 79.5 99.2 58.0 79.02 55.0
DPTR (2024a) 80.0 79.6 98.9 64.4 80.73 68.0

IGTR-AR (2025c) 82.0 81.7 99.5 63.8 81.74 29.2
SMTR (2025a) 83.4 83.0 99.3 65.1 82.68 20.8

MDiff4STR-S-AR 84.4 83.8 99.5 67.1 83.71 23.9
MDiff4STR-B-AR 85.1 84.2 99.6 67.3 84.04 36.9

CPPD (2025b) 82.7 82.4 99.4 62.3 81.72 32.1
MDiff4STR-S-PD 82.4 82.5 99.4 60.9 81.31 23.9
MDiff4STR-B-PD 83.4 82.2 99.5 61.8 81.96 36.9

ABINet (2021) 66.6 63.2 98.2 53.1 70.28 53.1
MDiff4STR-B-Re 84.6 83.9 99.5 65.4 83.39 23.9
MDiff4STR-B-Re 85.6 84.7 99.6 67.0 84.23 36.9
MDiff4STR-S-LC 85.2 84.1 99.6 66.0 83.72 23.9
MDiff4STR-B-LC 85.6 84.8 99.6 66.5 84.11 36.9

MDiff4STR-S-BLC 85.2 84.1 99.6 66.7 83.89 23.9
MDiff4STR-B-BLC 85.7 84.7 99.6 67.0 84.25 36.9

Table 5: Results on Chinese text dataset.

(Doc) subsets, respectively, and achieves comparable per-
formance on the Hand-Writing (HW) subset. These results
highlight the robustness and adaptability of MDiff4STR to
non-Latin scripts, further validating its generalizability in
multilingual text recognition tasks.

5 Conclusion
In this paper, we introduced the MDM into the STR task and
proposed a novel STR framework, MDiff4STR. Leverag-
ing MDM’s omnidirectional language modeling capability,
MDiff4STR surpasses the previous prominent ARMs and
BERT-like models. To overcome two key challenges in ap-
plying the MDM to STR, the noising gap between training
and inference and the overconfidence in predictions during
inference, we proposed the training noise strategy that aligns
with inference behavior and the token-replacement noise
mechanism. Extensive experiments demonstrate that MD-
iff4STR can flexibly support multiple decoding paradigms
and achieves state-of-the-art results across a wide range of
challenging scenarios, including regular, irregular, occluded,
and Chinese text, with or without the use of pretraining. Fur-
thermore, its dedicated low-confidence denoising inference
surpasses ARMs with only three denoising steps, establish-
ing a novel and effective paradigm for STR. These findings
highlight the potential of MDiff4STR to advance the STR
field and offer valuable insights for future research.
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