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Abstract

Pursuing accurate and robust recognizers has been a long-
lasting goal for scene text recognition (STR) researchers. Re-
cently, attention-based methods have demonstrated their ef-
fectiveness and achieved impressive results on public bench-
marks. The attention mechanism enables models to recognize
scene text with severe visual distortions by leveraging con-
textual information. However, recent studies revealed that the
implicit over-reliance of context leads to catastrophic out-of-
vocabulary performance. On the contrary to the superior accu-
racy of the seen text, models are prone to misrecognize unseen
text even with good image quality. We propose a novel frame-
work, Context-based contrastive learning (ConCLR), to allevi-
ate this issue. Our proposed method first generates characters
with different contexts via simple image concatenation opera-
tions and then optimizes contrastive loss on their embeddings.
By pulling together clusters of identical characters within var-
ious contexts and pushing apart clusters of different charac-
ters in embedding space, ConCLR suppresses the side-effect
of overfitting to specific contexts and learns a more robust
representation. Experiments show that ConCLR significantly
improves out-of-vocabulary generalization and achieves state-
of-the-art performance on public benchmarks together with
attention-based recognizers.

Introduction

Reading text in the wild has been one of the most studied
topics in the computer vision community. In this deep learn-
ing era (LeCun, Bengio, and Hinton 2015; Ren et al. 2015;
Bai and Wang 2019; Ge et al. 2021), the rich information in
scene text images plays a vital role in a series of artificial
intelligence applications, such as Visual Question Answer-
ing (Biten et al. 2019), Autonomous Driving (Yu et al. 2021)
and Image Retrieval (Gomez et al. 2018). Previous methods
(Jaderberg et al. 2016; Wang, Babenko, and Belongie 2011)
attempted to solve this problem from a symbol classification
perspective. However, significant variations and even distor-
tions in scene text images, such as blur and occlusion, hinder
satisfactory performance. To bridge this gap, many attention-
based methods (Fang et al. 2021; Yu et al. 2020; Yue et al.
2020; Li et al. 2019; Lyu et al. 2019; Qiao et al. 2020)
have emerged and made remarkable progress in public bench-
marks (Karatzas et al. 2015; Mishra, Alahari, and Jawahar
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Figure 1: Text recognition samples for in- and out-of-
vocabulary text. For images containing in-vocabulary text
(left), even confronted with occlusion, models can still pre-
dict correctly by inferring from the context, while models are
more prone to make wrong predictions for images containing
out-of-vocabulary text (right), even though the text is clear
and free of distortions.

2012; Wang, Babenko, and Belongie 2011; Phan et al. 2013;
Risnumawan et al. 2014; Karatzas et al. 2013). By leverag-
ing the attention mechanism (Bahdanau, Cho, and Bengio
2015; Vaswani et al. 2017), models can attend to neighbor-
ing characters instead of looking at each one, leading to sig-
nificant improvement in understanding irregular and hard-to-
recognize text (Karatzas et al. 2015; Phan et al. 2013; Risnu-
mawan et al. 2014).

The key to the success of attention-based methods is to en-
code context information into character embeddings, whether
in an auto-encoding or auto-regressive way. This feature al-
lows models to reason target characters not only from the
pixels at the corresponding position but also from the lin-
guistic information coming from surrounding symbols. As
shown in Figure 1 (left), even with severe occlusion that
makes text non-identifiable, models can still infer the miss-
ing character based on the other ones. However, recent work
(Wan et al. 2020) has revealed one crucial issue: Attention-
based methods are more prone to vocabulary reliance. For
images containing text seen in the training stage, state-of-the-
art attention-based recognizers achieve promising accuracy
while their performance drops drastically when predicting
images with out-of-vocabulary text, even though they are rel-
atively visually high-quality and free of distortions, as shown
in Figure 1 (right). We conjecture that the leading cause is the
over-reliance on context information. During training, the im-
plicit context encoding dominates the discrimination process.
Therefore, models overfit specific contexts instead of learn-
ing the discriminative features of each character. This prob-
lem significantly harms the robustness and generalization of
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Figure 2: Context-based data augmentation. & denotes the
concatenation operation. For characters in the input batch,
their contexts are changed differently in two augmented
views, for example, the context for ‘I’ in the first image of the
original input is ‘-S’, while in concatenated view 1 its context
becomes ‘-S-8” and ‘4- -S’ in view 2.

scene text recognizers and heavily limits their application sce-
narios.

To mitigate this issue, our intuition is to learn a represen-
tation that better balances the intrinsic character feature and
context information to eliminate the over-reliance of the lat-
ter. Since the encoding process of the context is usually im-
plicit, it is infeasible to manipulate the features directly. To
this end, we propose context-based contrastive learning (Con-
CLR), a framework extending contrastive learning to the se-
mantic space for scene text recognition (STR). In ConCLR,
we contrast embeddings in different contexts to learn a repre-
sentation more robust to context variations. To generate em-
beddings in various contexts, we propose context-based data
augmentation (ConAug), a simple yet effective data augmen-
tation technique to change on-image text’s context. For most
computer vision tasks, e.g., image classification, the context
and foreground object are usually heterogeneous and tightly
integrated, making it infeasible to manipulate the context
without disturbing the foreground object. However, for STR,
the context and foreground target to predict are both char-
acters. Therefore, we can effortlessly modify the context for
scene text images via simple image concatenation operations.
As shown in Figure 2, given an input image, ConAug con-
catenates two different images to it to get two different views,
respectively. Therefore, the character contexts in the origi-
nal batch are differently changed in these two views. Then
we feed these two views into the attention-based recogniz-
ers to get embeddings with augmented contexts. After being
projected to another space, embeddings of identical charac-
ters are clustered while embeddings of different characters
are pushed apart via optimizing the contrastive loss (Khosla
et al. 2020). Through this, models are guided to learn char-
acter representations consistent in various semantic environ-
ments, which improves the generalization to unseen text.

Although out-of-vocabulary generalization (Wan et al.
2020) is essential for STR, it has been overlooked for years.
The main reason is the commonly adopted training and eval-

3354

In-vocabulary Out-of-vocabulary

Benchmark number of images  number of images
IC13 1015 0
SVT 647 0
T 2593 407
IC15 1487 324
CUTE 241 47
SVTP 645 0
OutText 0 1000

Table 1: In- and Out-of-vocabulary number of images for
evaluation benchmarks. Training set MJ and ST comprises
of 135272 words in its vocabulary. Please refer to the Exper-
iment section for details of these datasets.

uation settings. Conventionally, STR models are trained on
two large synthetic datasets and evaluated on six real-world
benchmarks. The vocabulary of the training set almost cov-
ers that of the evaluation set, as shown in Table 1. There-
fore, the performance is incapable of reflecting the general-
ization to unseen text. In light of this, we generate a new
benchmark, OutText, consisting of 1000 images with pure
random out-of-vocabulary text. We conduct experiments on
both the commonly used benchmarks and OutText following
conventional settings. Results demonstrate that, on the one
hand, our method can significantly improve the generaliza-
tion on unseen text; on the other hand, the performance on
the seen text is also improved, suggesting the universal su-
periority of the learned representations. Further, we extend
our method to combine with a language model (Fang et al.
2021) and achieves state-of-the-art performance on the pub-
lic benchmarks.

To summarize, the major contributions of this paper are:
First, we provide a new contrastive learning paradigm for
STR, in which embeddings from different semantic contexts
instead of visual augmentation are used for contrast. Second,
based on this paradigm, we propose a framework, ConCLR,
built on existing attention-based scene text recognizers to im-
prove their generalization on unseen text. Third, we synthe-
size an out-of-vocabulary benchmark, OutText, to better re-
veal models’ generalization to unseen text. Fourth, the exten-
sive experiment results demonstrate the effectiveness of our
proposed method. ConCLR significantly boosts the accuracy
on unseen text and also achieves state-of-the-art performance
on the public benchmarks, in which most text is seen in the
training stage.

Related Work
Attention-based Scene Text Recognition

Reading text in the wild is a challenging task due to the ir-
regular layout and uncontrollable image quality. To this end,
many attention-based methods (Shi et al. 2016; Yang et al.
2017; Cheng et al. 2017; Liu, Chen, and Wong 2018; Li
et al. 2019; Qin et al. 2019; Baek et al. 2019; Wang et al.
2019; Yue et al. 2020; Wang et al. 2020; Yu et al. 2020;
Fang et al. 2021) have been proposed and showed their su-
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Figure 3: The main framework of ConCLR. Each input image is first fed into ConAug to get two context-based augmented
views. Then these two views of an image are passed to the backbone and attention-based decoder to get aligned character
features. We then pass these features to the projection head, and contrastive loss is optimized to pull together the positive

samples and push apart the negative samples. Note that the forward process of the original batch is omitted for simplicity.

periority over previous CTC-based (Shi et al. 2016; Shi, Bai,
and Yao 2017; Graves, Fernandez, and Gomez 2006) and
segmentation-based methods (Liao et al. 2020). As a fea-
ture alignment process, the attention mechanism can attend
to relevant information for each character during the decod-
ing stage, including the context. Previous models are mostly
built on sequence-to-sequence architecture originated from
NLP tasks, e.g., machine translation. (Shi et al. 2016) intro-
duced a recurrent neural network (Bahdanau, Cho, and Ben-
gio 2015) to align local pixels to an output sequence. Later,
(Cheng et al. 2017) tailored a focus module to calibrate the
attention location. Further, (Li et al. 2019) introduced a 2D at-
tention mechanism for recognizing irregular text. (Yue et al.
2020) investigated the attention misalignment problem and
designed a position enhancement module to fix it. However,
because of the time-dependency of RNN-like structures, the
inefficiency becomes a bottleneck for these auto-regressive
methods. Thanks to the emergence of transformer (Vaswani
etal. 2017), recent work (Fang et al. 2021; Yu et al. 2020) pro-
posed parallel attention-based decoders, in which all charac-
ters are decoded simultaneously. Our framework is also built
on this kind of recognizers.

Robust Scene Text Recognition

The robustness of STR models, specifically in vocabulary,
is a critical issue for applications. (Wan et al. 2020) firstly
investigated vocabulary reliance and pointed out attention-
based models suffer most from it. To remedy this, a mutual
learning strategy (Wan et al. 2020) is proposed. They train
a segmentation-based and attention-based model in parallel
and align the features from the two models. By doing so,
the segmentation-based model, generally with better out-of-
vocabulary generalization, is used to calibrate the represen-
tation of the attention-based model. However, character-level
annotations are required, which is an expensive cost for ap-
plications. In contrast, our method does not require any extra
modules or character-level annotations to improve models’
generalization on unseen text and performance on seen text.
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Contrastive Learning

Recent work (Chen et al. 2020; He et al. 2020; Grill et al.
2020) has significantly pushed the boundaries of representa-
tion learning by introducing contrastive learning. Generating
positive samples via visual distortions and regarding other
images as negative examples, (Chen et al. 2020; He et al.
2020) pull together embeddings of positive pairs and push
apart that of negative pairs. Further, (Grill et al. 2020) proves
merely using positive samples can also learn a promising em-
bedding for downstream tasks. (Khosla et al. 2020) takes ad-
vantage of class labels as the criterion to separate positive
and negative samples. For STR, (Aberdam et al. 2021) in-
troduces a sub-word level contrastive learning framework, in
which patches from different visually augmented images are
considered as positive samples. Unlike all the methods men-
tioned above, instead of using visual augmentations to gen-
erate positive pairs, we propose to contrast characters within
different semantic contexts in embedding space.

Method

The main framework of ConCLR is shown in Figure 3. Input
images are first fed into ConAug to get context-based aug-
mented views, then we pass these views into the network and
get character embeddings. During training, on the one hand,
these embeddings are used to transcript the text through the
Prediction layer; on the other hand, we project them to a fea-
ture space where we conduct the contrastive loss. Now we
detail the architecture and loss function in our framework.

Architecture

Context-based Data Augmentation. Our key insight is that
by pulling together embeddings of the same character in dif-
ferent contexts and pushing apart embeddings of different
characters, we can guide models to learn a representation bet-
ter balances the intrinsic and context information. To create
various contexts for given characters, we propose Context-
based Data Augmentation (ConAug) in this section. Note
that most in-the-wild text is horizontal; even for curved text,
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Figure 4: Parallel attention-based decoders.

the reading order is still approximately from left to right.
Drawing on this feature, ConAug leverages simple image
concatenation operation to change text context. As shown in
Figure 2, given a batch of images, ConAug first randomly
permutes them twice, then concatenates the two permuted
batches to the original one, respectively. We also discuss dif-
ferent ways of concatenation in the Experiment section. For
each image, we get two different views after concatenation,
in which the context is changed for characters therein.

Note that this operation requires no extra computation to
manipulate the context, as a free lunch for STR. Besides,
the context modification brought by ConAug is additive. For
each image, we add different characters to diversify the con-
text while still preserving the original one. This feature still
enables models to take advantage of the original context in-
formation.

Backbone. We adopt ResNet (He et al. 2016; Shi, Bai, and
Yao 2017; Wang et al. 2020) as our backbone network. The
output feature map size is 1/4 of the input image size. To cap-
ture long-range spatial dependencies, we also adopt the trans-
former unit (Vaswani et al. 2017).

Attention-based Decoder. Attention-based decoders align
and aggregate relevant information and features for each char-
acter. Considering the fact that ConAug increases the length
of the training data via image concatenation, we adopt paral-
lel attention-based decoders in our framework.

Inspired by Transformer (Vaswani et al. 2017), recent
works (Yu et al. 2020; Fang et al. 2021) propose parallel
attention-based decoders for STR, as shown in Figure 4. A
fixed number of queries vectors, g, are learned during train-
ing, each corresponding to the position encoding of a charac-
ter order. Therefore, using the feature map F as the key, the
glimpse vectors can be decoded in a parallel way, which can
be denoted as:

(glag2>"' agl>:fpar(F)- (1)

This parallel design remarkably improves decoders’ effi-
ciency in both training and evaluation stage. Besides, this ar-
chitecture empowers models with more flexibility in attend-
ing to different spatial location, and shows its superiority es-
pecially on irregular benchmarks. In light of the advantages
mentioned above, we use the parallel decoder proposed in
(Fang et al. 2021) in our framework.

Projection Head. As mentioned in (Chen et al. 2020),
directly contrasting the embeddings used to predict harms
models’ performance since we need to filter out irrelevant
information in the features. Therefore, we use an auxiliary
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module denoted as pro7j(-) to map the representations to a
space where contrastive loss is optimized. We adopt a fully-
connected (FC) layer as the projection head.

Prediction Layer. We use a fully-connected (FC) layer
to transcript the glimpse vectors to the probability of each
character. Following the setting in previous work (Fang et al.
2021; Yu et al. 2020; Yue et al. 2020), our FC layer has 37
classes, including numbers 0-9, case-insensitive characters a-
z, and one ’EOS’ symbol. We denote the transcription process
as:

) agl)a (2)

where ¢ is the predicted probability distribution for each
character.

(@17@% T 7@1) = fpred(glag2a c

Loss Function

There are two loss objectives in our framework, i.e., the
recognition loss and the contrastive loss. The former, sim-
ilar to (Fang et al. 2021), is used to train scene text rec-
ognizers while the latter is used to learn robust representa-
tions in semantic space. Before delving into them, we first
clarify the notations. We define a batch of input data as
{(X;,Y;),0 < i < N}, where X; is an input image, Y';
is the word-level label, and N is the batch size. Note that
each Y; can be further divided into character-level labels,
denoted as Y; = (y;1,Y; 2, " ,Y;,,), where ; is the cor-
responding word length. After ConAug, the two augmented
batches of data are denoted as {(X;",Y)"),0 < i < N}
and {(X)?,Y}?),0 < i < N}, respectively.

For recognition loss, we compute it on the original input
batch and the two augmented batches, which can be denoted
as:

L lVl
1 i A i A
Lyee N Z(Z Lee (yi,oa yi,o) tw Z Lee (y},'/,})’ yx;;)
i=1 o=1 p=1

12
tw Z £ce(y1‘%7 @7‘2))’
q=1

3)
where L. (+) is cross-entropy loss, and w is a hyper-parameter
to tune the weight of the augmented samples for text recogni-
tion.

Contrastive loss is calculated on the two augmented
batches. First, we pair up the two batches as: I**9 =
(XY, x> Y Y}?),0 < i < N}. Given one
pair of augmented data T = (X", X"2, Y"1 Y"2),
the union of the aligned features of X Vi and X"2, can

_ oV Vi Vi \%

be denoted as Z = proj(g;,', - ,g;,91° " 9% )s
and the unic‘>}1 of thevchar%/cter labe‘l/s can be denoted as
yaug = (ylla"' 7yl\}17y127"' 7yl‘32)' Let m € M =

{1,---,1IV" +1V"} be the index of any sample in Z or Y9,
A(m) = M\{m} be the other indices except m itself, and
P(m) = {p € A(m) : y3"9 = yp'9} be the indices of
other aligned visual features having the same label as z,,.
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Figure 5: Context-based contrastive loss. For two augmented image views, we first extract the corresponding embeddings for
each character via the backbone, attention-based decoder and the projection head. For each anchor, e.g., ‘I’ in red, we consider
different ‘I" among these embeddings as positive samples and other characters as negative samples.

Contrastive loss for one pair of data is defined as:

Pmr Z | _1 Z (IOgeXp(Zm'zp/T)

meM pEP(m

—log Z exp(zm - 2a/T)),

ac€A(m)

“

where the - symbol denotes the dot product, 7 € R* is a tem-
perature hyper-parameter. Therefore, for a given batch, total
contrastive loss can be calculated by:

clr - Z ['pazr (5)

TeI"“q
The total loss takes the following form:
Etotal = ‘C'r‘ec + )\‘Cclr- (6)

Here, A, as the weight for contrastive loss, is a hyper-
parameter. The calculation of the contrastive loss is shown
in Figure 5. In our experiments, we set w to 0.5, 7 to 2, and A
to 0.2.

Experiments

In this section, we conduct extensive experiments to demon-
strate the effectiveness of our proposed method. First, we de-
tail the datasets used for training and evaluation. Then, the
implementation details of our model are illustrated. Next, we
show our results and compare them with the baseline parallel
attention-based recognizers ABINet (Fang et al. 2021) on in-
vocabulary and out-of-vocabulary text, respectively. For sim-
plicity, we denote the parallel attention used in ABINet as
ABINet-Vision. Then, we extend our framework with a lan-
guage model used in (Fang et al. 2021), and achieve state-of-
the-art performance. Finally, we conduct ablation studies to
further investigate the functionality of each module.

Datasets and Implementation Details

To fairly compare our method with other state-of-the-art
methods (Fang et al. 2021; Yu et al. 2020; Yue et al. 2020),
we follow their settings for training and evaluation. The train-
ing set consists of two synthetic datasets, MJ (Jaderberg et al.
2016, 2014) and ST (Gupta, Vedaldi, and Zisserman 2016),
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Figure 6: Image samples of the seven benchmarks. For pub-
lic benchmarks, IC13, IIIT, SVT are regular text bench-
mark, IC15, CUTE, and SVTP are irregular benchmarks. Out-
Text is the synthesized benchmark of visually clear, out-of-
vocabulary text.

and evaluation is conducted on six public benchmarks, in-
cluding ICDAR 2013 (IC13) (Karatzas et al. 2013), ICDAR
2015 (IC15) (Karatzas et al. 2015), IIIT 5K-Words (IIIT)
(Mishra, Alahari, and Jawahar 2012), Street View Text (SVT)
(Wang, Babenko, and Belongie 2011), Street View Text-
Perspective (SVTP) (Phan et al. 2013), and CUTES0 (CUTE)
(Risnumawan et al. 2014), and our synthesized benchmark
OutText.

OutText contains 1000 images. We paste random charac-
ters to the white background. Note that visual distortions,
such as blur and occlusion, are excluded to guarantee the im-
age quality. Considering that using ConAug lengthens the av-
erage word length of the training set, to exclude the impact of
the word length, we synthesize OutText strictly following the
word length distribution of MJ and ST. As shown in Figure 8§,
the word length concentrates between 3 to 8.

To reflect models’ generalization to the unseen text, we
count the word frequencies on training and evaluation set sep-
arately. As shown in Table 1, the training set MJ and ST con-
sists of 135272 words as the vocabulary. For the evaluation
sets, IC15, IIIT and CUTE consist of some out-of-vocabulary
images while the words in IC13, SVT and SVTP are all cov-
ered in the training vocabulary. All the images in OutText
contain text unseen in the training stage.

To ensure a fair comparison, we use the same experimen-
tal configuration as in ABINet (Fang et al. 2021). We use
three transformer layers for the parallel attention module,
with eight heads for each of them. Images are resized to 32
x 128 with common data augmentation, such as random ro-
tation, affine transformation, color jittering, and etc. We use



ConAug | ConLoss | ICI3 | SVT | mT | ICI5 | SVIP | CUTE | AVG | OutText
- |- | 947 NA| 9.1 NA|9.5 852|859 639|829 NA |84 766|898 | 632
v | - ]954 NA|[899 NA|98 891|876 633|837 NA|9L3 872|938 | 6438
v | v 959 NA|921 NA|9.6 897|887 648857 NA |90 851|914 | 677

Table 2: Evaluation of the effectiveness of each module in ConCLR. For IC13-CUTE, the left value represents the in-vocabulary
accuracy while the right one represents the out-of-vocabulary accuracy. In AVG, we calculate the overall average accuracy of
the six public datasets. NA means there are no out-of-vocabulary images in the benchmark.
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Figure 7: Embedding visualization of ConCLR and baseline
parallel attention-based decoder. We randomly choose five
characters from OutText, e.g., ‘g’, ‘h’, ‘y’, ‘p” and ‘f’, and
visualize all their corresponding embeddings using tSNE.

ADAM as the optimizer, with a learning rate initialized to
le~* and decayed to le~ at the 6-th epoch. All the exper-
iments are conducted on four NVIDIA 2080Ti GPUs with
batch size 384.

Analysis on Seen and Unseen Data

We apply ConCLR on ABINet-Vision, and calculate the ac-
curacy for seen and unseen data, respectively. The results are
shown in the Table 2. For out-of-vocabulary data, ConCLR
(using ConAug and contrastive loss both) significantly im-
proves the performance. As we can see, compared with the
vanilla parallel attention-based decoder, the accuracy on un-
seen data gains improvement of 4.5%, 8.5%, and 4.5% on
IIIT, CUTE, and OutText, respectively. This indicates that
ConCLR can guide to learn a representation that better bal-
ances the intrinsic information and the context information
and is less dominated by the context. For IC15, the 0.9% im-
provement is relatively smaller, because of the poorer image
quality as shown in Figure 6. When confronted with severely
occluded or distorted images, it is infeasible for models to
discriminate based on corresponding pixels for each charac-
ter. In this case, the context information should be adopted to
infer the target character. For in-vocabulary data, we can still
observe notable performance improvement. ConCLR gains
1.2%, 2%, 0.1%, 2.8%, 2.8%, and 1.6% improvement on
IC13, SVT, IIT, IC15, SVTP and CUTE, respectively. This
suggests the benefits brought by ConCLR are universal and
not only restricted to the out-of-vocabulary data.

To further study the feature learned by ConCLR, we con-
duct embedding visualization, as shown in Figure 7. We sam-
ple embeddings of five characters in OutText and use tSNE
(Van der Maaten and Hinton 2008) to reduce their dimen-
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Figure 8: Left: Word length distribution of MJ and ST. The
number of images with word length greater than 15 is very
small, hence we do not show it in this figure. Right: The
accuracy on words of different length. When word length is
greater than eight, the advantage of ConCLR keeps increas-
ing (omitted here). Please refer to the Appendix for the full
data.

sions to two. As we can observe, the features learned from
ConCLR are better clustered compared with features learned
from baseline attention-based recognizers, demonstrating the
superiority of the learned representation.

Analysis on Word Length

Since ConAug increases the average length of the training
data, we also calculate the accuracy for different word lengths
on OutText, as shown in Figure 8. For words with length
greater than eight, ConCLR leads to overwhelming advan-
tages benefiting from a wider word length distribution during
training. For words with smaller lengths, ConCLR also has
superiority on the average accuracy, suggesting that ConCLR
guides models to learn a more representative embedding for
words with different lengths, instead of overfitting to longer
words.

Comparison with State-of-the-arts

To compare with previous arts, we also adopt a language
model (LM) same as (Fang et al. 2021). Following the same
experimental setting, we first use ConCLR to pretrain a vision
model (ABINet-Vision), and then finetune with an LM. For a
fair comparison, we reimplement ABINet and the results are
shown in Table 3. As we can see, our method achieves state-
of-the-art performance with a 0.8%, 0.4%, 0.5%, 0.8% and
3.8% improvement on IIIT, SVT, IC15, SVTP and CUTE,
respectively. Especially for benchmarks containing out-of-
vocabulary text, e.g., IIIT and CUTE, ConCLR shows its
prominent superiority. For benchmarks containing no un-
seen text, ConCLR also achieves considerable improvement,



Methods | Training Data | Annos | IIT | IC13 | SVT | IC15 | SVTP | CUTE

ESIR (Zhan and Lu 2019) MI+ST word | 933 | 91.3 | 90.2 | 769 | 79.6 83.3
ASTER (Shi, Bai, and Yao 2017) MI+ST word | 934 | 91.8 | 89.5 | 76.1 78.5 79.5
RobustScanner (Yue et al. 2020) MJ+ST word | 953 | 94.8 | 88.1 | 77.1 79.5 90.3
SAR (Li et al. 2019) MI+ST word | 91.5 | 910 | 845 | 69.2 | 76.4 83.3
DAN (Wang et al. 2020) MJ+ST word | 943 | 939 | 89.2 | 74.5 80.0 84.4
SRN (Yu et al. 2020) MI+ST word | 94.8 | 955 | 91.5 | 82.7 | 85.1 87.8
SEED (Qiao et al. 2020) MI+ST word | 93.8 | 92.8 | 89.6 | 80.0 | 81.4 83.6
ABINet (Fang et al. 2021) MJ+ST word | 96.2 | 974 | 93.5 | 86.0 | 89.3 89.2
ABINet-Visionf MI+ST word | 95.0 | 94.7 | 90.1 | 81.9 | 82.9 86.5
ABINet-Vision-ConCLR MIJ+ST word | 95.7 | 959 | 92.1 | 84.4 | 85.7 89.2
ABINet} MI+ST word | 95.7 | 97.7 | 939 | 849 | 88.5 87.5
ABINet-ConCLR MI+ST word | 96.5 | 97.7 | 943 | 854 | 89.3 91.3

Table 3: Results on IIITSK, IC13, SVT, IC15, SVTP and CUTE datasets. { is our reimplementation.

Concat | ICI3 | SVT | mT | ICI5 | SVIP | CUTE | AVG | OutText
SingleCat | 954 NA | 90.6 NA | 968 884 | 87.6 642|833 NA | 913 872 909 | 663
FixCat | 952 NA | 913 NA |97.0 899|882 623|845 NA|9L7 851|912 | 672
RandCat | 959 NA | 921 NA | 966 89.7 | 887 648 | 857 NA [ 900 851 | 914 | 67.7

Table 4: Ablation study on ConAug. For IC13-CUTE, the left value represents the in-vocabulary accuracy while the right one
represents the out-of-vocabulary accuracy. In AVG, we calculate the overall average accuracy of the six public datasets. NA

means there are no out-of-vocabulary images in the benchmark.

demonstrating the benefit of the learned feature is universal.

Ablation Study

Effectiveness of each module. The analysis of each module’s
effectiveness is shown in Table 2. By merely incorporating
ConAug as a data augmentation technique, we can observe
notable improvement on unseen data. Besides, this also out-
performs the baseline on seen data. This suggests that we can
reduce the overfitting to specific contexts and ameliorate the
out-of-vocabulary generalization by simply diversifying the
contexts. Further, the contrastive learning paradigm guides
the model to learn a representation better balancing different
features based on these various contexts, which brings about
larger improvement on both seen and unseen text.
Effectiveness of ConAug. Data augmentation plays an es-
sential role in the contrastive learning framework. To explore
its effectiveness, we design three concatenation patterns: Sin-
gleCat, for each input batch we only permute once and con-
catenate this permuted batch to the original batch on one ran-
dom side, then the contrastive loss is computed on the con-
catenated batch and the original one; FixCat, for each in-
put we permute twice and concatenate these two permuted
batches to the original on one fixed side; RandCat, for each
input batch we permute twice and concatenate these two
batches to the original on one random side. The results are
shown in Table 4. We can draw two conclusions: 1. Compar-
ing SingleCat with RandomCat, we can observe 1.3%, 0.6%
and 1.4% improvement of the unseen data on IIIT, IC15 and
OutText, respectively. Concatenating with more images gen-

erates more diversified contexts and negative samples to con-
trast, which is beneficial for contrastive learning framework;
2. Comparing FixCat with RandCat, we can observe slight
improvement on seen and unseen text. This indicates that po-
sition information is also context information, and we should
not only change the concatenated characters but also their po-
sitions.

Conclusion

In this paper, we propose a context-based contrastive learn-
ing framework for STR to improve attention-based scene
text recognizers’ generalization on unseen text. We use the
ConAug module to create various contexts via simple im-
age concatenation and then adopt contrastive loss on these
character embeddings within different contexts. We pull to-
gether clusters of identical character embeddings in various
contexts and push apart clusters of embeddings of different
characters. Through this, models can learn a more discrimina-
tive representation that better balances the context and intrin-
sic information. Experiments show that our method can sig-
nificantly improve out-of-vocabulary accuracy. Besides, our
method also leads to remarkable improvement on the seen
text and achieves state-of-the-art performance on six public
benchmarks together with a language model.
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