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Abstract

The laws of model size, data volume, computation and
model performance have been extensively studied in the
field of Natural Language Processing (NLP). However, the
scaling laws in Scene Text Recognition (STR) have not yet
been investigated. To address this, we conducted compre-
hensive studies that involved examining the correlations be-
tween performance and the scale of models, data volume
and computation in the field of text recognition. Conclu-
sively, the study demonstrates smooth power laws between
performance and model size, as well as training data vol-
ume, when other influencing factors are held constant. Ad-
ditionally, we have constructed a large-scale dataset called
REBU-Syn, which comprises 6 M real samples and 18 M
synthetic samples. Based on the disclosed scaling law and
new dataset, we successfully trained a scene text recogni-
tion model, achieving a new state-of-the-art on 6 common
test benchmarks with top-1 average accuracy of 97.42%.
The models and dataset are publicly available at large-ocr-
model.github.io.

1. Introduction

Optical Character Recognition (OCR) technologies are piv-
otal in extracting textual content from images, including
scanned documents and photographs. However, this paper
narrows its focus to the text recognition phase, specifically
to Scene Text Recognition (STR). STR stands out in the
OCR field due to its complexity and the unique challenges
it presents, such as variable illumination, occlusion, distor-
tion, and viewing angles. These factors pose significant
challenges in text identification compared to recognizing
text in scanned documents. As a rapidly evolving field of
research, STR offers substantial opportunities for techno-
logical advancements and innovation. Given this context,
our study aims to specifically explore the scaling laws that
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Figure 1. Mean word accuracy vs Parameters on the 6 common
test benchmarks. P-Ti, P-S and P-B refer to PARSeq-Ti, PARSeq-
S and PARSeq-B, respectively. * indicates training with REBU-
Syn.

are applicable to STR. By delving into the study of scaling
laws, our primary objective is to gain a deeper understand-
ing of how adjustments in system parameters impact the
performance of STR. This investigation holds the potential
to unveil new avenues for improvement in this challenging
domain.

With the introduction of large-scale models in deep
learning, an increasing number of academics are focusing
on the potential and growth trends of these models, hop-
ing that they will contribute to the development and de-
sign of future models. In the field of NLP [4, 8], numer-
ous experiments have been carried out to investigate scal-
ing model laws [14, 18, 24, 72]. The results show that the
larger the volume of data fed into the neural network, the
better its performance. Therefore, large language models
trained on vast amounts of data have dominated the field
of NLP. However, in the STR domain, research predomi-
nantly focuses on enhancing model performance using fixed
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data volumes and model sizes [3, 31, 53]. Studies specifi-
cally addressing the scaling laws in large STR models are
noticeably sparse, which casts uncertainty on the potential
impact of large-scale models and substantial data volumes
in STR. Transformer-based models have achieved state-of-
the-art performance in various text recognition tasks and
challenges [31, 47, 52, 58].

In this paper, we explore the scaling laws of STR by
transformer-based models. Our focus is on unraveling the
relationships between model size, data volume and com-
putation with the model performance. Our experimental
framework encompasses a wide range of models, with pa-
rameter counts ranging from 50 million to 1 billion, and
data volumes that vary from 1 million to 1 billion train-
ing samples. Additionally, we extend our exploration to
computational durations ranging from 100 to 1000 hours.
This comprehensive analysis allows us to draw insight-
ful conclusions about the scaling law in text recognition.
Furthermore, we introduce a novel dataset called REBU-
Syn, which combines real-world and synthetic data. This
dataset has been meticulously compiled from existing pub-
lic datasets, providing a valuable resource for further re-
search in this field.

Throughout this research, we develop an advanced
method for large-scale training. This method involves a
comprehensive examination of various strategies, such as
optimizing training hyperparameters, analyzing data distri-
butions and utilizing pre-training techniques. Our objective
is to create a model characterized by exceptional precision
and accuracy. The culmination of these efforts is the train-
ing of CLIP4STR-L using REBU-Syn. This approach re-
sults in achieving a groundbreaking state-of-the-art perfor-
mance of 97.42% on the test benchmark (see Fig 1). The
following is a compilation of additional scaling laws for
STR observations:
• The scaling law holds in the field of STR. There exist

smooth power laws between the size of the model, the
volume of data, computation and performance.

• Large-scale models make better use of samples than
small-scale models which means that large models
achieve lower error rate with fixed amount of data.

• The proportion of training data from different sources is
crucial for model training.

• Models pre-trained on STR-related data are more effec-
tive in STR tasks than models pretrained on general im-
ages like ImageNet.

2. Related Work
Model Scale Recent research has extensively explored
the scaling laws for Transformer language models, particu-
larly in the field of NLP [24, 33]. These studies have estab-
lished a set of universal principles for modeling scale. How-
ever, research specifically addressing STR remains scarce.

Transformer-based methods, known for their higher toler-
ance to increased model depth and width, have been applied
in various fields [10, 13, 15, 30, 46]. This study leverages
these methods, with a specific focus on their application in
STR, to provide guidance on making effective adjustments
in model size.

Data Scale In the domain of image recognition, the scale
of data plays a critical role. The performance of various
models is significantly influenced by the size of the datasets
used [5, 48, 50]. While different model types require vary-
ing data volumes, some previous methods [2] explored the
impact of STR recognition tasks on different data scales, but
their main focus was on CNN-based or attention-based ap-
proaches [7, 9, 29, 34, 53, 55], and they focus solely on
reducing the data scale. Furthermore, the availability of
public datasets has facilitated extensive research and exper-
imentation in this field [5, 48, 50]. This paper aims to build
upon these foundations by conducting a comprehensive in-
vestigation into the effects of data scale, both at the lower
and upper limits, as well as the distribution of data in STR
tasks. Additionally, this study offers new insights into the
alignment of real and synthetic data during the training of
optimal models, filling a gap in current research.

Scaling Laws The rapid advancement of Large Language
Models (LLMs) like ChatGPT [41] and GPT-4 [42] has
sparked research into universal scaling laws [24, 30] in
deep learning. These studies explore the relationship be-
tween model size, data volume, computation and perfor-
mance, providing training principles for large models in
NLP. [20] describes laws for autoregressive generative
modeling. Similar scaling theories have also emerged in the
field of computer vision [72], as demonstrated by the train-
ing of ViT-G with 2B parameters [72]. Furthermore, recent
work has been done on the scaling law of CLIP [45] has re-
vealed task- and dataset-dependent scaling behaviors [32].
Building upon these foundational insights, this study repre-
sents a unique exploration of scaling laws within the context
of STR. Specifically, it explores the allocation of parameters
and the internal structure of the transformer model, with the
aim of optimizing performance for text recognition. This
investigation makes a unique contribution to the expanding
body of research on scaling laws, particularly in the under-
explored domain of STR.

3. Method Details
In this paper, our primary focus is to explore the scal-
ing laws for the transfer performance of Transformer-based
models in text recognition tasks, with TrOCR as a pioneer-
ing pure Transformer model, and PARSeq excelling in ac-
curacy, aligning perfectly with our research scope. Concur-
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rently, we have amalgamated all publicly available datasets
to construct the REBU-Syn dataset. This paper also in-
cludes a thorough analysis of the data proportions obtained
from various sources. Finally, we will provide a detailed
overview of the training parameter settings used in our
study.

3.1. Model Scaling

TrOCR TrOCR [31] is a text recognition model that uti-
lizes pure Transformer architecture. It integrates pre-trained
Computer Vision (CV) and NLP models. And it is the
first work that jointly leverages image Transformer and text
Transformer for text recognition tasks. The scaling laws of
Transformer language models [24] and Vision Transform-
ers [72] have been studied, the scaling laws for models in
the text recognition have not yet been explored. Based on
this, we scaled the TrOCR model sizes and attempted to an-
alyze the accuracy change curves of models with varying
sizes.

In TrOCR, the encoder and decoder parts utilize pre-
trained image Transformer and text Transformer models,
respectively. These pre-trained models utilize large-scale
unlabeled data for image understanding and language mod-
eling. As a result, TrOCR does not require additional
language models for post-processing, and the model out-
performs current state-of-the-art models in tasks related to
printing and handwriting recognition. In order to continue
benefiting from pre-training for related tasks, we select
the most suitable combination of encoder and decoder in
TrOCR for scaling.

For TrOCR-S, we use DeiTSMALL [59] to initialize
the encoder and MiniLM [64] to initialize the decoder.
TrOCR-B uses BEITBASE [4] to initialize the encoder and
RoBERTaLARGE [36] to initialize the decoder. TrOCR-L
and TrOCR-H utilize BEITLARGE to initialize the encoder
and RoBERTaLARGE to initialize the decoder. The model’s
parameters range from 43.09 million to 1 billion, and the
details of the parameters are shown in Table 1.

Model Encoder FLOPs (G) Params (M)layers hidden sizes heads
TROCR-S 12 384 6 13.31 43.09
TROCR-B 12 768 12 62.01 281.87
TROCR-L 24 1024 16 191.00 505.50
TROCR-H 48 1200 16 497.91 1037.61

Table 1. Architecture specifications of TrOCR variants.

PARSeq PARSeq [6] follows an encoder-decoder archi-
tecture. PARSeq is also based on the Transformer frame-
work with excellent accuracy, which perfectly fits the
scope of our research. The encoder part utilizes the Vi-
sion Transformer (ViT) model to extract image features,
while the decoder follows the same architecture as the pre-
LayerNorm [63]. Transformer decoder in this study uti-
lizes twice the number of attention heads, where nhead =

dmodel/32. In contrast to the standard ViT, the encoder re-
moves the [class] token and inputs all the output tokens into
the decoder.

PARSeq has two models in the original paper, PARSeq-
Ti and PARSeq-S. In order to investigate the law of large
models in the field of text recognition, the scaling law of
the ViT model was demonstrated. [72]. Based on this, we
scaled PARSeq to 4 different sizes. On the basis of the orig-
inal paper PARSeq-S, the model was expanded to 3 sizes:
PARSeq-B, PARSeq-L, and PARSeq-H. The scale of the
model was also expanded from 22 million to 0.6 billion.
The configurations with different scale PARSeq models can
be seen in Table 2.

Model Encoder FLOPs (G) Params (M)layers hidden sizes heads
PARSeq-S 12 384 6 2.76 22.51
PARSeq-B 12 768 12 17.20 104.01
PARSeq-L 24 1024 16 49.90 335.92
PARSeq-H 32 1280 16 98.10 682.14

Table 2. Architecture specifications of PARSeq variants.

3.2. Dataset

Training Dataset The training datasets for text recogni-
tion are typically categorized into synthetic and real data.
Historically, scene text recognition models primarily relied
on synthetic data due to the scarcity of real-world data.
However, the recent increase in the availability of real data
has shifted this trend. It has been observed that models
trained on real data tend to be more sample-efficient com-
pared to those trained on synthetic data. In light of this, we
meticulously collected both synthetic and real data, employ-
ing various strategies to construct the REBU-Syn dataset.
This dataset comprises approximately 6M real data samples
and 18M public synthetic data samples, as detailed in Ta-
ble 3. The ratio of synthetic to real data in REBU-Syn is 3:1.
Furthermore, we utilized synthesis technology to generate
an additional 60M data samples, similar to MJST, termed
MJST+.

Real Dataset We gather real images from 4 widely-
accessible datasets to assemble the REBU. The R com-
ponent consists of commonly used real data [6], includ-
ing COCO-Text (COCO) [60], RCTW17 [54], Uber-
Text (Uber) [67], ArT [12], LSVT [57], MLT19 [40],
ReCTS [35], TextOCR [56] and OpenVINO [27]. A de-
tailed analysis of these datasets is presented in [6]. U, an-
other segment of REBU, includes 4 million labeled images
across 14 datasets, collectively referred to as Union14M-
L [6]. B represents the training data from benchmark
sources, encompassing datasets such as IIIT 5k-word
(IIIT5k) [38], Street View Text (SVT) [62], ICDAR13 [25]
and ICDAR15 [26]. Furthermore, E is composed of im-
ages from two commonly used real datasets in text detec-
tion tasks, namely Total Text [11] and CTW1500 [71].This
inclusion significantly expands the range of real data in our
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collection.
Public Synthetic Dataset MJSynth (MJ) [22] and Syn-

thText (ST) [19] are two widely-utilized synthetic datasets
in the field of scene text recognition, containing 8.9M mil-
lion and 5.5M million data samples respectively. Addtionly,
we incorporated two other composite datasets into our
study. Curved SyntheText (CST) and SyntheAdd (SA) [21].
CST is specifically designed for text detection tasks, pri-
marily comprising curved text data. SA, generated with
the SynthText engine, is aimed at synthesizing less common
characters, including punctuation marks.

Generate Synthetic Dataset To closely align with the
MJ and ST datasets, we created MJST+ using two data
generation tools: TextRecognitionDataGenerator1 and Syn-
thText2. The TextRecognitionDataGenerator is adept at
producing data that mimics complex scenes, encompassing
effects such as blurring, tilting and distortion. SynthText,
on the other hand, specializes in synthesizing data akin to
ST, resulting in samples that blend more seamlessly with
natural scenes.

To augment the diversity of the generated corpus, we
sourced 700,000 corpus entries from the most extensively
utilized English corpus website globally3. For the back-
ground selection in our synthesized images, we employed
natural scene pictures provided by SynthText as the back-
drop. Utilizing these two synthesis methods, we success-
fully synthesized a total of 60M data samples. Code for
data synthesis is available4.

Source Dataset Instances
Public Real Real (R) 3.3M
Public Real Extra Real Data (E) 15k
Public Real BenchMark (B) 7.5K
Public Real Union14M (U) 3.1M

Public Synthetic MJ 5.5M
Public Synthetic ST 8.9M
Public Synthetic CST 1.8M
Public Synthetic SA 1.2M

Generate Synthetic MJST+ 60M

Table 3. Statistics of REBU-Syn datasets, including Public Real
and Public Synthetic. Generate Synthetic can be used additionally.

Test Dataset To assess the performance of our model,
we utilized 6 publicly available real scene text datasets:
IIIT5k-Words (IIIT5k) [38], Street View Text (SVT) [62],
ICDAR 2013 (IC13) [25], ICDAR 2015 (IC15) [26] , SVT-
Perspective (SVTP) [43] and CUTE80 (CUTE) [49]. Both
the IC13 and IC15 test sets have various subdivisions. We
follow the division proposed by Yu et al [70], using a ver-
sion of the IC15 test set containing 1,811 images, and the
IC13 test set comprising 857 images.

However, to address challenges posed by differing anno-
tation formats and the presence of duplicate, non-Latin, and

1https://github.com/Belval/TextRecognitionDataGenerator
2https://github.com/ankush-me/SynthText
3https://www.english-corpora.org/corpora.asp
4https://github.com/large-ocr-model/large-ocr-model.github.io

damaged samples, we employed the following data fusion
strategy:
• Polygonal Text We sourced synthesized data from

datasets used in text detection tasks with polygonal anno-
tation boxes, such as Curved SyntheText, SyntheAdd and
STR Benchmark.To adapt these polygonal texts for use,
we improved upon the method proposed in [6]. Our ap-
proach involves identifying the minimum bounding box
of the polygon and applying a perspective transformation,
avoiding direct clipping using maximum and minimum
coordinates. This method retains challenging samples, as
suggested in [6], while minimizing background interfer-
ence, thus enabling the recognizer to focus on pertinent
areas.

• Remove invalid chars and samples Focusing on Latin
characters, which have extensive data availability, we re-
tained samples composed only of letters and symbols.
Samples not in our predefined dictionary were discarded.

• Remove duplicate data As we integrated multiple
datasets, some of which overlapped, we meticulously re-
moved any duplicate entries.

3.3. Experiment Settings

We took use of the publicly available implementations of
TrOCR and PARSeq as baseline models. To achieve opti-
mal performance, we tailored the number of training epochs
and adjusted the learning rates. The specific implementa-
tion details are as follows:

Hyper-Parameters For our experiments, we use V100
GPUs equipped with 32GB of memory to train all models.
The learning rates are set differently for various models.
Specifically, TrOCR-S is trained with a batch size of 1024
and a learning rate of 4e−4. TrOCR-B employs a batch
size of 256 with a learning rate of 1e−4, and TrOCR-L op-
erates with a batch size of 128 and a learning rate of 4e-5.
We use BPE [51] of Fairseq and SentencePiece [28] for to-
kenizing text lines into word pieces. For PARSeq models, a
consistent learning rate of 7e−4 is used, with the batch size
adjusted to be as close to 1024 as possible.

Evaluation Metrics Word accuracy was the primary
metric for evaluating the datasets of scene text. In this
work, we standardized the final output string to match the
commonly used 36-character set (lowercase alphanumeric)
to ensure a fair comparison across different models and
datasets.

4. Results and Analysis
4.1. Smooth Power Laws

Model performance is primarily influenced by three vari-
ables: the number of model parameters N , the volume of
the training data D, and the computation of the model C.
In this section, we explore the power laws among these
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influential factors with model performance E. To effec-
tively characterize the scaling of models, we have con-
ducted training with a variety of models, including TrOCR
and PARSeq.

Regular Text Irregular Text
Model Avg IC13 IIIT5k SVT CUTE80 IC15 SVTP

857 3,000 647 288 1,811 645
TrOCR-S 81.93 90.65 85.60 85.94 74.31 72.73 78.44
TrOCR-B 88.56 96.14 92.00 91.56 80.56 81.14 83.91
TrOCR-L 89.84 96.50 92.90 92.81 84.38 82.52 86.72
TrOCR-H 90.94 97.31 93.57 94.22 87.50 83.79 88.59

Table 4. Word accuracy with different TrOCR model sizes. Train
data: Synthetic datasets with MJ and ST.

4.1.1 The power law of model when data is fixed.

• Scaling TrOCR Models We trained 4 different scales
(ranging in size from 43.09M to 1B) of TrOCR models. In
order to maintain fairness and consistency with the exper-
imental setting in the original TrOCR paper, we use MJ
and ST to train TrOCR models with different model sizes.
The experimental results on 6 common test benchmarks
are shown in Table 4. As shown in Fig 2a, our analysis
reveals a linear relationship on the log-log plot between
the parameter count N and modeling performance. This
relationship can be described by a power-law equation
(E = aCb). Employing Algorithm 1 in the appendix, we
utilized the first three models (TrOCR-S, TrOCR-B and
TrOCR-L) to obtain the power function equation E(·).
The last model (TrOCR-H) accurately aligns with the fit-
ted straight line, demonstrating the effectiveness of the
power law. The power law of the TrOCR model is as fol-
lows.

E(N) =
(
1.97 ∗ 104/N

)0.223
(1)

• Scaling PARSeq Models To further validate the power
law in relation to model parameters, we trained PARSeq
models across 4 different scales with sizes ranging from
22M to 0.6B parameters, using the REBU-Syn dataset.
The results of these experiments on 6 common test bench-
marks are detailed in Table 5. As shown in Fig 3, the
PARSeq demonstrates a similar trend to that observed
with TrOCR, reinforcing the existence of the power law
on model size. The power law of the PARSeq model is as
follows.

E(N) =
(
6.316 ∗ 10−74/N

)0.018
(2)

Regular Text Irregular Text
Model Avg IC13 IIIT5k SVT CUTE80 IC15 SVTP

857 3,000 647 288 1,811 645
PARSeq-S 96.85 98.72 98.63 98.45 99.65 92.27 95.97
PARSeq-B 96.96 99.07 98.53 98.76 99.31 92.44 96.74
PARSeq-L 97.03 99.30 98.63 98.61 99.31 92.32 97.21
PARSeq-H 97.06 99.11 98.93 98.45 99.65 91.66 97.67

Table 5. Word accuracy with different model size of PARSeq.
Train data: REBU-Syn.

4.1.2 The power-law of data when model size is fixed.

• Scaling Data Volume on TrOCR In order to explore
the impact of data volume on model performance. We
use MJ+ST and MJST+ for training TrOCR-B. We ran-
domly sampled data at various scales, with sizes ranging
from 0.75M to 75M. The experimental results of TrOCR-
B based on data of different scales are compiled in Table
6. We used various levels of data volume (solid blue line)
to fit the power function (Eq. 3) as shown by the solid
grey line in Fig. 2b. The remaining portion of the data
size (represented by the dashed blue line) still closely fol-
lows the power function, providing further evidence that
the data volume adheres to the power function.

E(D) =
(
1.84 ∗ 105/D

)−0.327
(3)

Regular Text Irregular Text
Data Volume Volume Avg IC13 IIIT5k SVT CUTE80 IC15 SVTP

857 3,000 647 288 1,811 645
5% 0.75M 50.35 64.53 57.77 47.60 29.51 39.98 38.14
10% 1.50M 52.61 64.18 59.43 55.63 33.68 42.13 42.33
25% 3.75M 74.86 86.11 79.30 80.22 60.07 63.83 71.47
50% 7.50M 76.47 86.35 79.73 80.83 60.07 64.88 72.40

100% 15.00M 88.56 96.14 92.00 91.56 80.56 81.14 83.91
500% 75.00M 93.09 97.32 93.51 96.33 89.93 86.47 91.47

Table 6. TrOCR-B average accuracy in different percent of train-
ing data.

• Scaling Data Volume on PARSeq Based on the power
law of data volume, we utilize REBU-Syn in PARSeq-
S training. By gradually expanding the data samples, the
accuracy of PARSeq-S has been significantly improved in
the Table 7.

Regular Text Irregular Text
Data Volume Avg IC13 IIIT5k SVT CUTE80 IC15 SVTP

857 3,000 647 288 1,811 645
R 3.30M 95.57 97.32 97.87 97.37 97.22 90.34 94.73

R+B+E 3.32M 95.63 97.43 97.97 97.84 98.96 90.28 93.64
R+B+E+U 6.42M 96.12 99.53 97.93 97.53 98.96 91.39 95.66

R+B+E+U+MJST 20.82M 96.45 98.48 98.40 97.84 98.61 91.44 96.43
R+B+E+U+MJST+Syn 23.82M 96.85 98.93 98.63 98.61 99.31 92.32 97.21

Table 7. PARSeq-S average accuracy in different percent of train-
ing data.

4.1.3 The power law of computation

With the power laws of model size and data volume sepa-
rately, we infer that the error rate and the compute budget
can also be fit with the power law. We perform the study
on TrOCR model. The outcome is depicted as the gray line
on the plot on the right-hand side of Fig. 2c. It can be fitted
with the power formula as in Eq. 4.

E(C) =
(
4.45 ∗ 104/C

)−0.3271
(4)

4.2. Other Observations

Large-scale models make better use of samples. As we
continue to enlarge the model size, the model accuracy im-
proves consistently. The phenomenon can be observed in
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Figure 2. Improvement in TrOCR model performance with increasing model sizes, data volumes, and training computation. Model
performance is measured by calculating the average word error rate on 6 common test benchmarks Left: Evaluation of model performance
with changing model sizes. Center: Evaluation of model performance with varying data volumes. Right: Performance variations with
different data sizes under varying computational resources. The x-axis represents the model’s training time, measured in 8 GPU hours. For
optimal performance, all three factors must be scaled up in tandem. Empirical performance exhibits a power-law relationship with each
individual factor when it is not constrained by the other two factors.
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Figure 3. The average word error rate on 6 common test bench-
marks was calculated using the PARSeq model size. The solid line
represents the fitted power law E(·), and the points on the dotted
line correspond to the power law equation.

Table 4 and 5. To improve training results, we can mod-
ify recognition models built on the Transformer architec-
ture by utilizing the scaling laws of the vision Transformer.
As shown in Figure 4 with respect to the total number of
images “seen” during PARSeq training stage of different
sizes, it is clear that larger models utilize samples more ef-
fectively than their smaller models. When PARSeq models
of different sizes are trained with an equal number of sam-
ples, smaller models exhibit a higher error rate compared to
larger models. Furthermore, we observed that larger mod-
els tend to require fewer epochs to converge. For instance,
PARSeq-S reached optimal accuracy in 32 epochs, whereas
PARSeq-B needed only 14 epochs, and PARSeq-L just 5
epochs. These findings suggest that with adequate training
resources, it is more beneficial to train a larger model for
fewer steps. This mirrors similar findings in language mod-
elling [24] and machine translation [17]. However, when
training time is a limiting factor, opting for a smaller model
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Figure 4. Average word error rate on 6 common test benchmarks,
with respect to images seen (batch size times number of steps)
during PARSeq training stage of different sizes.

may be more practical.

The proportion of training data from various sources is
crucial for model training. The REBU-Syn comprises
both real and synthetic data. According to prior stud-
ies [6, 73], real data typically outperforms synthetic data in
training efficiency, though synthetic data still plays a valu-
able role. Due to the high costs associated with obtaining
and labeling real data, which often do not meet the volume
requirements for model training, reliance on synthetic data
is necessary. However, the effectiveness of synthetic data
raises a question: Does more synthetic data always equate
to better performance? Our findings suggest that an optimal
ratio between real and synthetic data is crucial for enhanced
model performance.

To achieve this objective, we conducted an experiment
to investigate the proportional relationship between data ob-
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tained from various sources and determine the most efficient
utilization of synthetic data. Synthetic data can be primar-
ily categorized into two types: MJ+ST and Syn (CST+SA).
MJ+ST, characterized by its large volume but homogeneous
nature (consisting mostly of straight and clear samples),
contrasts with SynText, which has a smaller volume (only
one-fifth of MJ+ST) and primarily consists of curved texts.
To evaluate the impact of different synthetic data sources
on model accuracy, we trained PARSeq using a combi-
nation of real data and these synthetic datasets. The re-
sults, as presented in Table 8, are revealing. The accuracy
achieved using real data combined with MJ+ST is 96.24%,
only marginally higher by 0.05% compared to using real
data with Syn. Given that the volume of MJ+ST is five
times that of Syn, this implies that complex synthetic data
is more sample-efficient. By simultaneously utilizing syn-
thetic data from both MJ+ST and SynText along with real
data, we observed a substantial enhancement in the accu-
racy of PARSeq, elevating it to state-of-the-art levels. This
combination of diverse synthetic data styles, when inte-
grated with real data, expands the range of the training data
distribution. Such comprehensive coverage effectively en-
hances the overall quality and performance of the model.

Real DataSet Syn DataSet Data Ratio Word Acc
R+E+B+U Syn 1:0.5 96.19
R+E+B+U MJ+ST 1:2.5 96.24
R+E+B+U MJ+ST+Syn 1:3 96.85

Table 8. PARSeq-S average accuracy of integrating diverse syn-
thetic and real data types.

Additionally, we investigated the effect of different
synthetic-to-real data ratios on the accuracy of PARSeq-S.
We maintained a constant amount of real data and progres-
sively increased the volume of synthetic data. The ratio of
synthetic to real data varied from 0.5 to 5 times. These vary-
ing proportions were achieved through random sampling.
To augment the total volume of synthetic data, we randomly
selected 18M samples from MJST+ and combined them
with the synthetic data in REBU-Syn, culminating in a total
of 36M synthetic data samples.

Data Ratio Word Acc
Real:Syn=1:0.5 96.32
Real:Syn=1:1 96.50
Real:Syn=1:2 96.59
Real:Syn=1:3 96.85
Real:Syn=1:4 96.76
Real:Syn=1:5 95.70

Table 9. PARSeq-S average accuracy on 6 common test bench-
marks with varying ratios of synthetic and real data.

While synthetic data proves effective, it requires careful
balancing with real data. As shown in Table 9, a gradual
increase in synthetic data led to some improvement in accu-
racy. Notably, the highest accuracy of 96.85% was achieved

with a synthetic-to-real data ratio of 1:3. Beyond this ratio,
the accuracy began to decline, likely due to the data dis-
tribution becoming overly skewed towards synthetic data,
which can adversely affect model performance. Therefore,
we recommend a real-to-synthetic data ratio of 1:3. This
balance offers the most significant improvement in accuracy
without incurring excessive training costs.

Pre-training Data Training Data Backbone Word Acc
Scratch R+E+B+U ViT-S 96.12
Scratch R+E+B+U+Syn ViT-S 96.85

R+E+B+U+Syn R+E+B+U ViT-S 96.96
Scratch R+E+B+U+Syn ViT-L 97.03

ImageNet-21k R+E+B+U+Syn ViT-L 96.74

Table 10. Average accuracy achieved by using visual task pre-
training and STR task pre-training on 6 common test benchmarks.

Task-related pre-trained models are more effective.
The utility of pretrained models in low-level vision tasks
is well-known, but their applicability in STR tasks warrants
investigation. To address this, we experimented with vari-
ous pretrained models, some trained on ImageNet and oth-
ers specifically for text recognition tasks. In the last two
rows of Table 10, we maintained consistent training sched-
ules, learning rates and epochs as used for PARSeq. In-
triguingly, the ImageNet-21k pre-trained models underper-
formed compared to those trained from scratch, a trend ob-
served in both PARSeq and CLIP4STR models. This sug-
gests that pretraining on non-STR-specific tasks might not
be beneficial, and can even be detrimental to STR perfor-
mance. The STR task necessitates a connection between
visual and textual elements, akin to the CLIP experiment’s
original purpose, whereas purely visual tasks focus more on
high-level semantics and lack the textual nuances critical for
STR.

Additionally, when we trained PARSeq-S using the
REBU-Syn dataset, it achieved a higher accuracy of 96.85%
compared to training solely on the real data REBU. Fur-
ther fine-tuning the 96.85% model with REBU led to an
increased accuracy of 97.01%, indicating an improvement.
This demonstrates the efficacy of task-related pretrained
models in STR tasks. To attain higher accuracy, a rec-
ommended approach is training on all data first and then
fine-tune on real data.

4.3. Comparison with SOTA Methods

Recently, the remarkable performance of CLIP4STR across
multiple benchmarks prompted us to conduct further exper-
iments, guided by our scaling law. Initially, we focused on
data composition, employing a 3:1 ratio of synthetic to real
data for training the model, in conjunction with fine-tuning
using a pre-trained model for related tasks. Our repro-
ducible results led to a notable improvement in CLIP4STR-
B, enhancing its accuracy from 96.54% to 97.25%, an in-
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Regular Text Irregular Text
Method Training data IC13 IIIT5k SVT CUTE80 IC15 SVTP Avg

857 3,000 647 288 1,811 645
ViTSTR-B [1] MJ+ST 92.40 88.40 87.70 81.30 72.60 81.80 85.46

SE-ASTER [44] MJ+ST 92.80 93.80 89.60 83.60 80.0 81.40 88.35
TRBA [3] MJ+ST 93.4 92.10 88.90 89.20 77.4 89.30 90.07
SRN [69] MJ+ST 95.5 94.80 91.50 87.80 82.70 85.10 90.42

TextScanner [61] MJ+ST 94.90 95.70 92.70 91.60 83.50 84.80 91.15
VisionLAN [65] MJ+ST 95.7 95.80 91.70 88.50 83.7 86.00 91.23

PETR [66] MJ+ST 97.00 95.80 92.40 89.90 83.30 86.20 91.42
ABINet [16] MJ+ST 97.4 96.20 93.50 89.20 86.00 89.30 92.66

MaskOCR(ViT-B) [37] MJ+ST 98.1 95.8 94.7 89.2 87.3 89.9 93.1
PARSeqA [6] MJ+ST 96.20 97.00 93.60 92.20 82.90 88.90 93.16
MATRN [39] MJ+ST 95.80 96.60 95.00 93.50 82.80 90.60 93.20

TrOCRLarge [31] MJ+ST+B 97.30 94.10 96.10 95.10 84.10 93.00 93.23
DiG-ViT-B [68] MJ+ST 96.90 96.70 94.60 91.30 87.10 91.00 93.41

MaskOCR(ViT-L) [37] MJ+ST 98.2 98.0 96.9 95.8 90.1 94.6 93.78
ViTSTR-S [1] Real 97.80 97.90 96.00 96.20 89.00 91.50 94.85

DiG-ViT-B [68] Real 97.60 97.60 96.50 96.50 88.90 92.90 94.86
PARSeqA

♯ [6] Real 97.32 97.87 97.37 97.22 90.34 94.73 95.57
ABINet [16] Real 98.00 98.60 98.20 97.20 90.50 94.10 96.01

MAERec-B [23] Union14M-L 98.10 98.50 97.80 98.60 90.7 94.40 96.15
CLIP4STR-B [73] Real 98.36 98.73 97.68 98.96 91.39 96.74 96.89
CLIP4STR-L [73] Real 98.48 99.43 98.15 98.96 91.66 97.36 97.06

CLIP4STR-B* REBU-Syn 99.29 98.96 98.76 99.65 92.27 97.83 97.25
CLIP4STR-L* REBU-Syn 99.42 99.13 98.61 99.65 92.6 98.13 97.42

Table 11. Word accuracy on 6 common test benchmarks, * indicates training with REBU-Syn, Avg is the weighted average result on 6
common test benchmarks. ♯ indicates reproduced by us.

crease of 0.65%. This achievement represents the best re-
sult to date in the text recognition task.

To further delve into the impact of larger models, we
replicated this experiment on CLIP4STR-L. This model
achieved a new state-of-the-art, recording a top-1 average
accuracy of 97.42% on 6 common test benchmarks, as de-
tailed in Table 11. These findings underscore the significant
role of large models in advancing the field of STR.

5. Discussion and Conclusion

In this paper, we demonstrate the existence of smooth power
laws in the field of STR. Specifically, we show that in-
creasing the model size, data volume, and computational
resources leads to predictable improvements in model per-
formance. Additionally, we identified several key principles
for effective model training in STR: 1) Large-scale models
utilize samples more efficiently. 2) The proportion of train-
ing data from various sources is crucial for model training;
3) Task-related pre-trained models enhance effectiveness.
Beyond identifying these guiding principles, we compiled a
large-scale dataset to improve the performance of the STR
model. Leveraging these rules, we successfully trained a

model that achieved a new state-of-the-art average accuracy
of 97.42% on the test benchmark.

We conduct extensive experiments on both model scal-
ing and data scaling, successfully demonstrating the exis-
tence of scaling laws in STR. Furthermore, we observe that
data scaling is a particularly advantageous approach as it
enhances model accuracy without incurring additional costs
during training or inference. However, challenges persist in
the realm of model scaling. While large-scale models ex-
hibit superior performance with substantial data, their train-
ing is considerably more costly. Adjusting each parameter
can be extremely expensive, with each training iteration po-
tentially costing millions of dollars. To optimize the per-
formance of these models, careful selection of the best hy-
perparameters during training is essential. We hope that our
work can attract more researchers’ attention to reduce the
training cost of large-scale models.

Our experiments are based on large-scale natural
scene text data sets. In the future, we will consider
exploring the scaling law in more challenging text recog-
nition data sets such as handwriting and historical texts.
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