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Abstract

This paper introduces a novel exemplar-based framework for
reading Chinese texts in natural scene or document images.
We present the Deep Exemplar-based Chinese Text Recog-
nizer, which is structured to first identify candidate characters
as exemplars from each text-line, and subsequently recog-
nize them by retrieving analogous exemplars from a database.
With text-line level annotations, we design the exemplar dis-
covery network to simultaneously recognize texts and capture
individual character positions in a weak-supervision manner.
The exemplar retrieval module is then crafted to identify the
most similar exemplar and propagate the corresponding char-
acter label. This enables us to effectively rectify the misrec-
ognized characters and boost the performance of scene text
recognition. Experiments on four scenarios of Chinese texts
demonstrate the effectiveness of our proposed framework.

Introduction
We tackle the problem of Chinese text recognition, which
aims to read Chinese texts in natural scenes or documents.
Along with the advances in deep convlutional networks, re-
cent years have witnessed remarkable progress in text recog-
nition. Many text recognition methods have made designs
on the recognition of English texts, and a common belief for
the state-of-the-art text recognizers is the use of sequence
modeling for the text-line. While the English language rep-
resents semantic primitives with combination of letters from
the Latin alphabet, Chinese is a logographic script with its
characters representing a meaning or concept. Notably, there
are a much larger lexicon with rich stroke patterns and many
morphologically similar characters.

In this paper, we present a novel text representation and
training framework based solely on character-level infor-
mation we call Deep Exemplar-based Chinese Text Recog-
nizer (DECTR). Instead of the sequence modeling such as
the recurrent network to handle text sequences (Shi, Bai,
and Yao 2017; Fang et al. 2021), we are inspired by the
pipeline of image retrieval (Noh et al. 2017; Radenović,
Tolias, and Chum 2018; Weinzaepfel et al. 2022), and the
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Figure 1: DECTR pipeline. We take the second exemplar of
the input image to show the steps during exemplar retrieval,
and the same process will also be applied to other exemplars.

framework is built upon candidate Chinese character exem-
plars being selected and recognized along with our algorith-
mic pipeline. Figure 1 illustrates our approach. Starting from
training image set with text-line level annotations, an exem-
plar discovery network is designed to simultaneously rec-
ognize texts and estimate individual character positions in a
weak-supervision manner. With an image going through this
network, we define its exemplars as the output positions and
regional features of potential characters; the corresponding
character label prediction is considered as a pseudo label for
the exemplar. The exemplar bank is composed of character
exemplars and labels extracted from the training data or text-
line images from other sources. We further introduce the
exemplar retrieval module, where the exemplars extracted
from the testing image are sent to retrieve in the exemplar
bank and the label of the matched exemplar is propagated.

The highlight of the proposed framework is threefold.
First, the framework fully utilizes character-level informa-
tion and variations for the Chinese texts. Our recogni-
tion system can boost performance by adding items into
the exemplar bank under the exemplar discovery-retrieval
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Figure 2: Architecture of Exemplar Discovery Network. [E] indicates the end-of-sequence character.

pipeline, rather than fine-tuning the whole network that de-
mands more computational workloads. Second, we set up a
compact and effective structure for the Exemplar Discovery
Network. Concatenating the predicted exemplar labels pro-
duces the image-level recognition results. Intriguingly, we
observe that these results are on par with the performance
of state-of-the-art sequence-based methods, even those em-
ploying more complex networks. This confirms the signif-
icance of incorporating character-level configurations into
the model. Third, compared with directly using visual rep-
resentations of the exemplars during retrieval, a projection
network is used to transform them into a new feature space
for retrieval. The structure is lightweight and mainly utilizes
inter-character diversity. This is especially useful for Chi-
nese characters with large variations, and we demonstrate a
considerable improvement in this strategy. We also perform
our framework on the Chinese text recognition benchmark
with four types of real-world Chinese texts, and the exten-
sive experiments demonstrate the superior performance of
the proposed DECTR compared with previous approaches.

Related Work
Many approaches treat the text recognition task as a se-
quence prediction problem, by a two-stage approach for
feature extraction and text transcription (Shi, Bai, and Yao
2017; Shi et al. 2018; Baek et al. 2019; Du et al. 2020). There
are also many works that incorporate Semantic context into
the recognition models, such as edit probability from lex-
icon (Zhan and Lu 2019) and linguistic rules (Fang et al.
2021). However, due to the complexity and diversity of the
visual appearance for Chinese characters, here we focus on
the harness of the visual representations to effectively rec-
ognize texts and our work is under a lexicon-free setting.

The proposed method is closely related to the character-
level text recognizers. Classic character-level methods (She-
shadri and Divvala 2012; Yao et al. 2014) focus on de-
scribing the characters, while recent methods aim to make
bottom-up text recognition with discriminative deep features
of the characters, such as part prototypes (Cao et al. 2020).
(Peng et al. 2022; Yu et al. 2024) apply the weakly su-
pervised learning of the character instances for handwritten
Chinese text recognition. Recently, several frameworks uti-
lize matching-based techniques with deep features to recog-
nize the characters (Zhang, Gupta, and Zisserman 2020; Liu,
Yang, and Yin 2022; Souibgui et al. 2022). Among them,
(Zhang, Gupta, and Zisserman 2020) turns text recognition
into visual matching by constructing a glyph exemplar set

and achieving promising results in documents. Compared
with these previous approach, our DECTR framework builds
the exemplar bank with weak supervision and the utilization
of exemplar discovery-retrieval pipeline is proved to be suit-
able for Chinese text recognition.

There are several key components in our framework. The
transformer structure is popular in recent scene text recog-
nition approaches. For example, the vision model of (Fang
et al. 2021) employs Transformer units for feature extrac-
tion and sequence modeling. SVTR (Du et al. 2022) de-
composes an image into small patches and carries out hi-
erarchical stages with Transformer. Our framework is also
closely related to scene text retrieval (Wen et al. 2023). (Wen
et al. 2023) treats similarity matching in text-line level, while
ours focus on the character level to the combinatorial ex-
plosion with a large lexicon for Chinese. The exemplar re-
trieval module in our framework is inspired by (Noh et al.
2017), in which an attention mechanism is designed to iden-
tify semantically useful local features. In this work, we try
to leverage the mechanism in the Chinese character regions.
We also extend with the fusion of retrieval results in each
step and finally achieve outstanding results.

Framework
We now elaborate the construction of the proposed deep
exemplar-based framework. We start by introducing the ex-
emplar discovery network to discover exemplars from im-
ages, followed by the exemplar retrieval module to propa-
gate the label of retrieved exemplar.

Exemplar Discovery Network
Constructing a robust visual representation is important to
the success of a text recognition system. Ideally, we want
compact and discriminant features so that each Chinese
character in text-line can be separated and classified. With
these in mind, we design this module with the transformer-
based architecture with impressive performance, and the
structure of the proposed exemplar discovery network is
shown in Figure 2. The entire image is initially fed to the
feature extractor which consists of several convolutional lay-
ers to generate the initial visual features. We aim to model
the image sequence and locate the potential character re-
gions simultaneously. Therefore, instead of the encoder-only
structure like ViT (Dosovitskiy et al. 2021), we employ
an encoder-decoder structure (Carion et al. 2020). The en-
coder takes the flattened visual features as input and en-
hances them with several transformer units. A fixed num-
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ber of learned positional embeddings, namely the character
features in Figure 2, are taken as input of the transformer
decoder and attend to the encoder outputs. A prediction is
made with a classification head and updates the character
features. Finally, the selected character features, as well as
the attention maps from the decoder, are sent to the ex-
emplar discovery component and generate the exemplars.
Compared with previous methods that employ sliding win-
dows based text segmentation (Zhang, Gupta, and Zisserman
2020), the learned exemplars has stronger adaptability to the
affine transformations in natural scenes, especially for the
Chinese character with various widths. We describe below
each individual components in detail.

Feauture Extractor Rich feature representations are pro-
duced. We leverage the residual blocks (He et al. 2016)
that consist of a few convolutional and normalization lay-
ers. This is a common practice among many state-of-the-art
transformer-based frameworks (Cheng et al. 2022) to ensure
that text recognition can benefit from the training datasets.
Suppose the input of this subnet is an image I ∈ RH×W×3,
where H and W represent the height and width of the im-
age, respectively. We make a trade-off between speed and
precision and design a compact structure for feature extrac-
tion1. The output feature maps are considered as the visual
features v ∈ RH

4 ×
W
4 ×C for the subsequent modules.

Transformer Encoder As shown in Figure 2, the trans-
former encoder takes the feature maps from the previous
feature extractor as input. We expect the encoder can cap-
ture dependencies between all positions in the visual fea-
ture f , as the spatial relationships between different parts
of the image may provide valuable information for recog-
nizing the Chinese characters. We employ the design from
(Zhu et al. 2020), which provides an efficient deformable
attention mechanism. A block of transformer encoder is
composed of a multi-head deformable-attention (MDA) and
a fully connected feed-forward network (FFN). Formally,
let vf ∈ RHW

16 ×C be the flatten of the visual feature v,
zq ∈ RHW

16 ×C be the query feature derived by adding vf

and the position embedding, and pq ∈ R2 be the corre-
sponding reference point. The multi-head attention is com-
puted by MDA(zq,pq,vf ) =

∑
i WiDAi(zq,pq,vf ), where

DAi(zq,pq,vf ) indicates the deformable attention as de-
scribed in (Dai et al. 2017).

The update of an encoder layer can be expressed as:

z′l = LN(MDA(zl−1,p,v) + v) (1)

zl = LN(FFN(z′l) + v) (2)

where LN represents layer normalization, FFN is a feed-
forward network, and l is layer index. The transformer en-
coder consists of Lenc encoder layers and we will examine
the influence of Lenc in the ablation study. The features from
the last encoder layer zenc are considered as the local repre-
sentation for the subsequent steps.

1The structure of the feature extractor as well as its performance
are detailed in the supplementary material.

Figure 3: The attention maps corresponding to the first three
character features. Row 1: initial attention maps; Row 2-4:
attention maps after 1st, 4th, 16th epoch training.

Transformer Decoder The decoder follows the main
steps of DETR (Carion et al. 2020). A fixed number of text
query embeddings are added as input of the attention layer.
We design these embeddings to represent the learned po-
tential character-level positional encodings and update them
through the decoder process, and we refer to them as charac-
ter features. For each decoder block, the input isN character
features x ∈ RN×C as well as the encoder output zenc, and
the output is the updated character features as follow,

x′l = AlV
z + xl−1 (3)

x′′l = MSA(LN(x′l)) + x′l (4)
xl = LN(FFN(x′′l ) + xl−1) (5)

Here MSA is the standard multi-head self-attention opera-
tion, l is layer index, Al = softmax((Qx

l−1)(Kz)T /
√
C)

is the attention maps within the cross-attention computing,
Qx

l−1 ∈ RN×C , Kz,V z ∈ RHW
16 ×C stand for the linearly

projected features for query, key, value from xl−1, zenc,
zenc. Different from the standard DETR, we first employ
the cross-attention on the character features and the output
from the encoder, then apply self-attention. This is inspired
by (Cheng et al. 2022) for computation more effective.

There are two goals for the design of the transformer de-
coder. The first purpose is to have the positions of the po-
tential exemplar characters. Most existing scene text recog-
nition datasets are labeled at the text-line level, and we do
not employ extra annotation for the character. With the pro-
posed attention-based decoder, the character regions can be
learned in a weak-supervision manner. Figure 3 depicts the
changes in the attention maps during training. The peak val-
ues in the attention maps (red points) can be observed signif-
icantly after a few epochs. With the supervision of text-line
character sequencing in the follow-up classification head,
these attended regions are usually ordered, i.e., the attended
region in the second attention map corresponding to the sec-
ond character in the annotation. This ensures the detection
of the character sequences. We also obtain the character fea-
tures for the exemplars, which will be used in the classifica-
tion head as well as in the exemplar retrieval module.

Classification Head and Exemplar Discovery For the
character features output from the last decoder block, we
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Figure 4: The data flow of character exemplar discovery.

subsequently use a classification head that contains an fully-
connected layer. The final step in this network is the discov-
ery of exemplars, as illustrated in Figure 4. The attention
maps are first selected depending on whether the charac-
ter features are omitted. The flattened local feature output
from the transformer encoder is another input for this mod-
ule. It is reshaped with aspect ratio of the original image.
For a selected attention map A, the position of the peak
value is identified. A square region with a size of H

4 ×
H
4

is located, and the local features of the points with the top-n
high attended values (p1, ...,pn) are considered as the lo-
cal features for this character exemplar. Given a text-line
image, the overall output for the exemplar discovery com-
ponent (as for the exemplar discovery network) is an exem-
plar set {E1,E2, ...,EN}where the tuple Ei = (xi,Zi, yi)
consists of character features xi, set of local features Zi =
{zp1

, ..., zpn
}, and character prediction yi.

Exemplar Retrieval
Chinese exhibits more diversity of categories than English:
its lexicon contains thousands of characters, and many of
them have morphological similarities to others. The exem-
plar retrieval aim to prevent some misclassification from the
classification head with retrieval of matched exemplars with
the same category. The performance may be further boosted
by incorporating more exemplars with different fonts or
styles. The pseudo-code and steps of the exemplar retrieval
module are listed in Algorithm 1.

Exemplar Bank and Direct Ranking During the con-
struction of the exemplar bank, we consider the “pseudo” la-
bels for the exemplars, i.e., the corresponding character label
prediction by the exemplar discovery network. The pseudo
labels are not the ground-truth labels and there exists some
mistakes caused by bias of position localization or misclas-
sification. We use two strategies to strengthen the exemplar
bank. First, we filter the candidates from the text-line images
with a different length between ground-truth and prediction
texts. Second, we consider the confidence score s for the
character prediction, since a lower score may lead to error
classification; only the exemplars with a score higher than a
threshold are sent to the exemplar bank.

A straightforward approach is to directly retrieve with
the feature representing the whole region of character, i.e.,
the character feature x; we denote this procedure as “direct

Algorithm 1: Exemplar Retrieval

Input: Query exemplar Eq; exemplar bank {E}.
Output: Character prediction y′q for Eq .

1: x∗ ← character feature of E∗
2: Z∗ ← local feature set of E∗
3: for each E in {E} do
4: Compute distance: dg ← distg(Eq,E).
5: end for
6: Obtain initial list {E1,...,Ek} with distance {dg1,...,dgk}.
7: Project query feature: x′q ← Φ(xq,Zq).
8: for i = 1 to k do
9: Project feature for candidate: x′i ← Φ(xi,Zi).

10: Compute distance: dpi ← Distp(Eq,Ei).
11: Fuse distance: di ← Fusion(dgi , d

p
i ).

12: end for
13: Find nearest distance: dj ← argmin(d1, ..., dk).
14: Assign prediction: y′q ← yj .
15: return y′q .

ranking”. We compute the distance by distg(Ei,Ej) =
L2(xi,xj). The top-k exemplars with low distance value
with will be collected into the initial list.

Projection The direct ranking focuses on the character-
level representation. For recognizing the morphologically
similar characters, local regions are also important, as the
difference may occur in a small portion. Therefore, we pro-
pose a very lightweight and efficient projection network
to integrate the character feature x and local feature set
Z = {z1, ..., zn}. Formally, the network is defined as

Pool(Z) = Pool(z1, ..., zn) (6)

x̂ = Concat(x,Pool(Z)) (7)

Φ(x,Z) = Linear(LN(FFN(x̂)) + x̂) (8)

A pooling operation Pool is first applied to the local fea-
tures. We evaluate the different pooling methods, including
average pooling, max pooling, and generalized mean pool-
ing (Radenović, Tolias, and Chum 2018), and find that aver-
age pooling is more suitable for our framework. After con-
catenating the character feature and pooled local feature, we
employ a simple feed-forward network and then project into
a new feature x′ ∈ RC′

. The projection network is very
compact, with 2.1M parameters and a computational cost of
0.004 GFLOPs. The distance of projected features is mea-
sured in the same manner as for the character features, i.e.,
distp(Ei,Ej) = L2(x′i,x

′
j). The experiments show that

the projected features offer a refined representation of char-
acters, and heighten the ability to distinguish characters that
are morphologically similar yet unique characteristics, thus
improving the performance of the DECTR framework.

Training of the projection network is based on the
data from the exemplar bank and we employ the Triplet
loss (Chechik et al. 2010) for the model learning. Specifi-
cally, we randomly sample an exemplar Ei from the bank
and query in the bank with the direct ranking function. The
exemplar retrieval system returns a set of exemplars. Among
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Figure 5: Sample images from (Yu et al. 2021).

them, the samples with the identical character prediction la-
bel are considered positive samples, while other samples are
negative. We then sample one positive exemplar Ep

ij and one
negative exemplar En

ij and form the triplet {Ei,E
p
ij ,E

n
ij}.

The marginal loss function for projection network Lpn is
defined as Lpn =

∑
i

∑
j max

{
dpij − dnij + ξ, 0

}
, where

dpij = distp(Ei,E
p
ij) and dnij = distp(Ei,E

n
ij) are the

distance between exemplars, ξ denotes a margin.

Fusion The final step is the fusion of the features before
and after the projection network. We adopt the late fusion
strategy by considering distance over different feature types:

Fusion(dg, dp) = λfd
g + (1− λf )dp (9)

Where λr is a trade-off parameter between different stages
and we set it as 0.7 by experiment on the validation set. The
exemplars are reranked according to the fused distance, and
the character label of the top-ranking exemplar is propagated
to the query exemplar as its character prediction.

Experiments
Setup We use the datasets from the Chinese text recog-
nition benchmark (Yu et al. 2021) and follow the standard
protocols. Images with four types of real-world Chinese
texts are used for evaluation, i.e., scene, web, document,
and handwriting texts (Figure 5). Each dataset presents
unique challenges, which allow us to thoroughly assess
the performance. The scene/web/document datasets contain
636,455/140,589/500,000 text-line images in total, with a
proportion of 8:1:1 for training, validation, and testing. The
handwriting dataset contains 74,603 samples for training,
18,651 for validation and 23,389 for testing.

To evaluate the recognition performance, we use both
word-level and character-level results following (Fang et al.
2021; Yu et al. 2021). For word-level evaluation, the ac-
curacy over the whole testing set (ACC) is employed. The
character-level results are measured by the average of the
normalized edit distance (NED) between the predicted texts
and ground-truth texts. Additionally, we measure the com-
putational cost of our model using giga floating point oper-
ations (GFLOPs), which is a hardware-independent metric.

Implementation Details The model training in our frame-
work comprises two phases. We first train the exemplar
discovery network to obtain the initial recognition results,
along with the location and features of potential characters.

Input size Feature Extractor Lenc Ldec

EDN-S 32× 256 [1,1,1,1,0], 256 3 2
EDN-B 32× 256 [1,1,1,1,1], 512 3 3
EDN-L 64× 512 [1,1,1,1,1], 512 6 3

For feature extractor, “[L1, L2, L3, L4, L5], C” corresponds to
the layer numbers (L1 to L5) and the output channels C.

Lenc and Ldec are the number of the encoder/decoder layers.

Table 1: Configurations for variants of EDN.

Subsequently, with the representations of the character ex-
emplars, we train the network in exemplar retrieval module.

During training, we do not employ the rectification mod-
ule to normalize the input text image. Our framework is im-
plemented using PyTorch (Paszke et al. 2019). The networks
are trained from scratch, using the Adam optimizer (Kingma
and Ba 2015) with initial learning rate 10−4. The models are
trained with batch size of 80 for 40 epochs in total. We use
4 NVIDIA Titan Xp GPUs to train the networks and the in-
ference is conducted in a single GPU.

Ablation Study
We first provide ablation studies and discussion to justify
design choices of exemplar discovery network (EDN for
short), which is the basic of the whole framework. Three
variants are designed with different specifications and ca-
pacities, i.e., EDN-S (Small), EDN-B (Base), and EDN-L
(Large), as listed in Table 1. Without further statements, we
employ the structure and configuration of EDN-B as the de-
fault settings. The results for EDN are measured based on
the prediction after classification head.

For the exemplar retrieval module, we start by exploring
the hyper-parameters for direct ranking, projection, and fu-
sion. Finally, an experiment with synthetic data is designed
to validate the scalability of the proposed method.

Encoder and Decoder in EDN We first evaluate the ef-
fect of encoder and decoder layers. Table 2(a) shows the
performance of our network with different layer numbers of
transformer encoders. Lenc = 0 indicates that we omit the
encoder structure and directly send the representations from
feature extractor to decoder. We observe significant perfor-
mance gains when the number of encoder layers increases
from zero to six, while the parameters and GFLOPs of the
encoder grow linearly with the layer number. Using more
layers does not further improve the results.

In Table 2(b), we list the results versus the number of de-
coders. Using only 2 decoder layers, we can already get an
accuracy of 68.91% and NED of 0.845. Adding more filters
further boosts the accuracy until 4 layers, after which the
performance tends to be saturated.

Transformer-based Text Recognizers We compare EDN
with previous Transformer-based methods. The first is the
vision model of ABINet (ABINet-VM, (Fang et al. 2021)),
by employing ResNet and transformer units. SVTR (Du
et al. 2022) is a transformer-based method with patch-
wise image tokenization. We also compare with MaskOCR-
ViT (Lyu et al. 2022) that employs ViT with masked
encoder-decoder pretraining.
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Lenc ACC NED #Params GFLOPs
0 59.39% 0.787 11.26M 2.54
3 69.47% 0.848 19.28M 6.65
6 71.61% 0.861 27.31M 10.76
9 67.13% 0.824 35.34M 14.87

(a) Different number of encoders.
Ldec ACC NED #Params GFLOPs

1 67.57% 0.837 17.18M 6.54
2 68.91% 0.845 18.23M 6.60
3 69.47% 0.848 19.28M 6.65
4 69.65% 0.851 20.34M 6.70
5 69.13% 0.839 21.39M 6.76
6 67.63% 0.829 22.44M 6.81

(b) Different number of decoders.

Table 2: Ablation on encoder and decoder.

Methods Accuracy #Params
ABINet-VM (Fang et al. 2021) 66.7% 42.5M
SVTR-T (Du et al. 2022) 67.9% 6.0M
SVTR-S (Du et al. 2022) 69.0% 10.3M
SVTR-B (Du et al. 2022) 71.4% 24.6M
SVTR-L (Du et al. 2022) 72.1% 40.8M
MaskOCR-ViT-S (Lyu et al. 2022) 68.6% 36.0M
MaskOCR-ViT-B (Lyu et al. 2022) 68.8% 100M
MaskOCR-ViT-S†(Lyu et al. 2022) 71.4% 36.0M
MaskOCR-ViT-B†(Lyu et al. 2022) 73.9% 100M
EDN-S 65.56% 7.72M
EDN-B 69.47% 19.3M
EDN-L 73.94% 27.3M

Results of SVTR and MaskOCR-ViT are reported in the original
paper; ABINet-VM result is from our re-implementation;

† indicates the network is with vision-language pretraining.

Table 3: Results of the transformer based methods.

Table 3 summarizes the accuracies and parameter sizes of
different approaches in the Chinese scene text dataset. From
the table, we see that EDN outperforms the previous meth-
ods with a similar parameter size, and achieve comparable
result with MaskOCR-ViT-B† that employ pretraining and
large network structure. Moreover, EDN can return the lo-
calization of the character exemplars and the performance
can be further boosted with the exemplar retrieval module.

Classification vs. Retrieval As mentioned in previous
section, the direct ranking is a straightforward approach that
retrieves the query character features with the features from
the exemplar bank directly. The label of the first retrieved
exemplar in initial retrieval list is considered as the predic-
tion of query exemplar, and the recognition result of a text-
line is the concatenation of predictions from its exemplars.
In Table 4, we list results of the four Chinese text datasets
with the exemplars extracted with an EDN-B. For all the data
types, the ranking-based method (DR, Line 2) outperforms
the classification-based method (CB, Line 1).

We also design a simple combination of these two meth-
ods, by first thresholding the classification scores and only
sending exemplars with the score lower than threshold (0.7)
into direct ranking. We denote this strategy as direct ranking
with threshold (DR-T). As shown in Table 4, DR-T outper-

Methods Scene Web Document Handwriting
CB 69.47% 61.90% 98.05% 48.98%
DR 71.23% 62.48% 98.24% 49.21%

DR-T 72.32% 64.18% 98.47% 51.90%

Table 4: Effect of direct ranking on different datasets.

#Exemplar ACC NED #Exemplar ACC NED
Top 1 72.32% 0.855 Top 10 73.10% 0.865
Top 2 72.86% 0.862 Top 20 73.11% 0.865
Top 5 73.07% 0.864 Top 30 73.10% 0.865

(a) Different number of exemplars used during training.
Strategy ACC NED GFLOPs

RRT 73.16% 0.865 0.225
Ours 73.10% 0.865 0.014

(b) Feature combination strategy.

Table 5: Ablation on the projection network.

forms both classification-based method and direct ranking,
indicating the two methods can be complementary. We em-
ploy this direct ranking with threshold strategy for the fol-
lowing experiments.

Projection and Fusion for Retrieval Recall that we train
the projection network with Triplet loss by constructing pos-
itive and negative retrieved exemplars; here we also exam-
ine the number of used exemplars. Table 5(a) list the re-
sults versus the number of exemplars per query. We ob-
serve that using 10 exemplars makes a trade-off between
performance and the triplet number. The whole exemplar re-
trieval module is also related to the re-ranking procedure for
the image retrieval task. Therefore, we compare our method
with RRT (Tan, Yuan, and Ordonez 2021), a state-of-the-art
transformer-based re-ranking approach. The performance of
both methods is similar, while our method requires a much
smaller computational cost (Table 5(b)).

We also evaluate the importance of the exemplar retrieval
module with variants of EDN in four text recognition sce-
narios. We denote our framework that employs the exem-
plar discovery network variants EDN-S, EDN-B, and EDN-
L as DECTR-S, DECTR-B, and DECTR-L, respectively. As
listed in the bottom of Table 6, significant improvements are
achieved in the scene, web, and handwriting datasets. The
changes on the document images are minor, as the results
on EDNs are relatively high. Another observation is that the
performance of the exemplar retrieval with a smaller exem-
plar discovery network is on par with directly using a larger
network (e.g., DECTR-S vs. EDN-B).

Scalability To further validate whether the performance
of exemplar retrieval is affected by the exemplar bank, we
add another simple experiment to evaluate the scalability of
the module. We employ the EDN-B trained from the web
training set and evaluate the performance on a subset of the
web testing images that only contains the Chinese charac-
ters. With this protocol, the accuracy from the classification
head of EDN-B is 68.01% (the dashed line), and the exem-
plar retrieval with exemplar bank constructed from the train-
ing images reaches an accuracy of 68.62% (the red asterisk).
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Approaches Scene Web Document Handwriting #Params
CRNN (Shi, Bai, and Yao 2017) 54.94% / 0.742 56.21% / 0.745 97.41% / 0.995 48.04% / 0.843 12.4M
ASTER (Shi et al. 2018) 59.37% / 0.801 57.83% / 0.782 97.59% / 0.995 45.90% / 0.819 27.2M
MORAN (Luo, Jin, and Sun 2019) 54.68% / 0.710 49.64% / 0.679 91.66% / 0.984 30.24% / 0.651 28.5M
TransOCR (Chen, Li, and Xue 2021) 67.81% / 0.817 62.74% / 0.782 97.86% / 0.996 51.67% / 0.835 83.9M
ABINet (Fang et al. 2021) 60.88% / 0.775 51.07% / 0.704 91.67% / 0.987 13.83% / 0.514 53.1M
SVTR-L (Du et al. 2022) 72.1% / - - / - - / - - / - 40.8M
MaskOCR-ViT-B (Lyu et al. 2022) 68.8% / - 70.7% / - 98.6% / - 49.4% / - 100.0M
MaskOCR-ViT-B†(Lyu et al. 2022) 73.9% / - 74.8% / - 99.3% / - 63.7% / - 100.0M
CCR-CLIP (Yu et al. 2023) 71.31% / 0.829 69.21% / 0.797 98.29% / 0.997 60.30% / 0.849 184.0M
EDN-S 65.56% / 0.824 60.87% / 0.783 98.30% / 0.996 43.39% / 0.802 7.7M
EDN-B 69.47% / 0.848 62.62% / 0.797 98.31% / 0.996 49.02% / 0.842 19.3M
EDN-L 73.94% / 0.877 67.49% / 0.833 98.36% / 0.997 55.21% / 0.880 27.3M
DECTR-S 69.44% / 0.842 62.15% / 0.784 98.55% / 0.996 46.84% / 0.809 12.4M
DECTR-B 73.10% / 0.865 65.62% / 0.811 98.52% / 0.996 52.87% / 0.857 24.0M
DECTR-L 77.44% / 0.893 70.02% / 0.844 99.20% / 0.998 59.03% / 0.894 32.0M

Table 6: Comparison with state-of-the-arts. The recognition performances are measured in ACC/NED, respectively.

0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5
Number of exemplars in the exemplar bank (M)

0.65

0.70

0.75
ACC

(0.24M, 68.6%) (1.79M, 69.1

(0.90M, 67
(0.45M, 66.5

(0.22M, 64.9
(0.11M, 63.0

(0.06M, 60.1%)

%)
%)

%)
.6%)

%) (3.59M, 70.0%)

Figure 6: Scalability comparison. The curve indicate the ac-
curacy according to exemplar number from synthesis.

Figure 7: Visualization of text recognition results.

Since the exemplars from the training set are limited, we
use a standard text renderer (oh-my ocr 2021) to synthesize
the Chinese text-line image. We also incorporate the efficient
similarity search library faiss (Johnson, Douze, and Jégou
2019) to speed up the retrieval module. It takes 15.6ms for
a single exemplar to retrieve in the exemplar bank contain-
ing more than 3 million exemplars, and meanwhile keeps a
good recognition result. Figure 6 plots the performance ver-
sus the number of exemplars in the exemplar bank. With a
similar bank size, the exemplars from real-world web im-
ages can reach higher accuracy than those from synthesized
images (68% vs. 65%). Adding more synthesized exemplars
boosts the accuracy and we obtain an accuracy of 70.0%
with 3.59M exemplars in the bank.

Comparison with State-of-the-Arts
To evaluate the performance of our exemplar-based frame-
work, we also compare ours with the state-of-the-art Chinese

text recognition methods. Table 6 summarizes the recog-
nition accuracies and normalized edit distances in the four
types of Chinese characters. Among them, the first group
contains several well-known recognition methods, such as
CRNN (Shi, Bai, and Yao 2017), ASTER (Shi et al. 2018),
and MORAN (Luo, Jin, and Sun 2019). These baseline per-
formance numbers are from (Yu et al. 2021). From the ta-
ble, we see that the proposed DECTR outperforms all the
methods. We also compare ours with the state-of-the-art ap-
proaches shown in the middle part of Table 6, including
the image processing based method TransOCR (Chen, Li,
and Xue 2021), the effective visual model based scheme
SVTR-L (Du et al. 2022), ABINet (Fang et al. 2021) that
uses linguistic knowledge, and MaskOCR-ViT-B†(Lyu et al.
2022) that employ model pretraining. It clearly shows that
our proposed DECTR-B outperforms TransOCR, SVTR-L,
and ABINet methods on these datasets. The Chinese text
recognition results of some examples are illustrated in Fig-
ure 7. The performance of our DECTR-L reaches the same
magnitude as that of MaskOCR-ViT-B with vision-language
pretraining, while the parameter size of our framework is
significantly smaller than theirs.

Conclusions
In this paper, we introduced a novel deep exemplar-based
framework for Chinese text recognition, which consists of
the exemplar discovery network to select candidate character
regions as exemplars, as well as the exemplar retrieval mod-
ule that finds the most similar exemplars and propagates the
character label. Compared with directly employing the re-
sults from classification head of the network, the proposed
DECTR offers the ability to correct misrecognized char-
acters and improves overall text recognition performance.
Through an extensive set of Chinese text recognition exper-
iments, we have shown that DECTR is more effective than
existing recognition approaches, generating very competi-
tive results for different types of real-world Chinese texts.
As future work, we will explore topics such as employing
efficient backbone (Meng et al. 2022) and applying DECTR
in related applications (Du et al. 2023; Wu et al. 2024).
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