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Abstract

Scene text spotting has attracted the enthusiasm of relative
researchers in recent years. Most existing scene text spot-
ters follow the detection-then-recognition paradigm, where
the vanilla detection module hardly determines the reading
order and leads to failure recognition. After rethinking the
auto-regressive scene text recognition method, we find that a
well-trained recognizer can implicitly perceive the local se-
mantics of all characters in a complete word or a sentence
without a character-level detection module. Local semantic
knowledge not only includes text content but also spatial in-
formation in the right reading order. Motivated by the above
analysis, we propose the Local Semantics Guided scene text
Spotter (LSGSpotter), which auto-regressively decodes the
position and content of characters guided by the local seman-
tics. Specifically, two effective modules are proposed in LS-
GSpotter. On the one hand, we design a Start Point Local-
ization Module (SPLM) for locating text start points to deter-
mine the right reading order. On the other hand, a Multi-scale
Adaptive Attention Module (MAAM) is proposed to adap-
tively aggregate text features in a local area. In conclusion,
LSGSpotter achieves the arbitrary reading order spotting task
without the limitation of sophisticated detection, while allevi-
ating the cost of computational resources with the grid sam-
pling strategy. Extensive experiment results show LSGSpot-
ter achieves state-of-the-art performance on the InverseText
benchmark. Moreover, our spotter demonstrates superior per-
formance on English benchmarks for arbitrary-shaped text,
achieving improvements of 0.7% and 2.5% on Total-Text and
SCUT-CTW1500, respectively. These results validate our text
spotter is effective for scene texts in arbitrary reading order
and shape.

1 Introduction

Aiming to integrate the detection (Liao et al. 2020b; Shu
et al. 2023; Qin et al. 2023) and recognition (Qiao et al.
2020b; Du et al. 2022) tasks, scene text spotting has re-
ceived increasing attention recently because of its numer-
ous applications, such as structure information exaction (Xu
et al. 2020; Li et al. 2021; Shen et al. 2023), automatic driv-
ing (Guo et al. 2021; Min et al. 2022), scene understand-
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Figure 1: The comparison of arbitrary reading order text in-
stances and analysis from Total-Text (Ch’ng and Chan 2017)
of ABCNet v2 (Liu et al. 2021a), SPTS (Peng et al. 2022)
and ESTextSpotter (Huang et al. 2023). Our spotter can use
the locally fine-grained semantics to perceive reading order
without accurate detection dependency.

ing (Zhu et al. 2023; Zeng et al. 2023), scene text editing
(Zeng et al. 2024; Li et al. 2024) etc. With the development
of well-organized datasets (Liu et al. 2017; Karatzas et al.
2015; Ch’ng and Chan 2017; Ye et al. 2023a; Zhang et al.
2019) and fundamental vision models (Dosovitskiy et al.
2020; Liu et al. 2021b), scene text spotters have achieved
prominent results on several public benchmarks.

Existing scene text spotting methods can mainly be di-
vided into two categories according to the utilization of the
fundamental vision model: CNN-based and Transformer-
based methods. Motivated by general object detection meth-
ods (He et al. 2017; Liu et al. 2016), most of the CNN-based
spotters (Lyu et al. 2018; Liao et al. 2021; Liao et al. 2020a;
Liu et al. 2020; Wang et al. 2022) follow the detection-
then-recognition paradigm. As the prior stage, detection
performance plays a dominant role in the whole pipeline.
Transformer-based spotters (Zhang et al. 2022; Huang et al.
2022; Ye et al. 2023b; Huang et al. 2023) allow the queries
of detection and recognition to interact mutually. Some spot-
ters (Peng et al. 2022; Kim et al. 2022; Liu et al. 2023; Kil
et al. 2023) regard the spotting task as sequence generation
and try unifying data in multiple OCR-related tasks to im-
prove the performance on scene text spotting.

Although existing spotters achieve remarkable perfor-



mances, arbitrary reading order text spotting is still a chal-
lenging problem. As shown in Figure 1, while facing the text
instances including the ordinary and inverse texts at the same
time, there are obvious spotting failures for all the represen-
tative methods. ABCNet v2 (Liu et al. 2021a), as a repre-
sentative CNN-based spotter, is powerless to detect inverse
text. The detection errors are accumulated and propagated in
the recognition stage with Bezier-Align. SPTS (Peng et al.
2022) is a Transformer-based method in an auto-regressive
manner. Compared with ABCNet v2, it alleviates the detec-
tion dependency and locates the arbitrary reading order in-
stances well. However, SPTS only uses a single point to rep-
resent and perceive each text instance due to lacking fine-
grained semantics. That is why SPTS produces many in-
correct recognition results despite correct localization. As
another Transformer-based method, ESTextSpotter (Huang
et al. 2023) also reduces the extreme detection dependency.
However, it still fails to spot the inverse texts due to the lack
of special design.

To solve such failure cases, we revisit how people spot
arbitrary reading order texts accurately. People intuitively
pay attention to the coarse location of texts and read them
character-by-character, similar to how a well-trained auto-
regressive recognizer (Du et al. 2022; Qiao et al. 2021b)
works without accurate character localization (Lyu et al.
2024). Motivated by this, we turn the end-to-end text spot-
ting into the recognition problem to alleviate the dependency
on detection. However, two crucial problems still need to be
solved. Firstly, the recognition model hardly identifies the
correct reading order. Therefore, a specific module should be
designed to determine where to start reading and in what or-
der. Secondly, text instances are scattered in the scene image.
If we recognize the features of each character by traversing
the whole image, it will waste a lot of computing resources
and have low spotting efficiency.

To overcome the problems mentioned above, we propose
a Local-Semantics-Guided Scene Text Spotter (LSGSpotter)
to handle the arbitrary reading order problem, which exploits
the auto-regressive manner elegantly and facilitates the syn-
ergy of detection and recognition. Specifically, we design
a Start Point Localization Module (SPLM) to separate dis-
tinct text instances elaborately. Note that different from the
previous detection module, our localization module relaxes
the limitation for the recognition stage. The utilization of
SPLM also gets the start points and contributes to the correct
reading order. To solve the second issue mentioned above,
a Multi-scale Adaptive Attention Module (MAAM) is pro-
posed to adaptively aggregate text features in a local area.
In MAAM, we adopt the strategy of grid sampling to allevi-
ate the computational resource. During the inference phase,
given a scene text image, after extracting the multi-level fea-
tures using ResNet50 and FPN, the SPLM predicts the start
point according to the image feature. As the reference point,
the start point guides the feature sampling at the first step
during decoding. Then MAAM gets adaptively local fea-
ture grids from the reference position and multi-level image
features. The cross-attention module of the Transformer de-
coder can decode the current character and capture the shift
of the next character. The above procedure will be repeated
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until the end-of-sequence token. Therefore, our LSGSpot-
ter can leverage fine-grained semantic information to auto-
regressively decode the complete text instance step by step
without sophisticated detection dependency. In conclusion,
our contributions are as follows:

* We propose LSGSpotter, a local semantics-guided scene
text spotter to handle the arbitrary reading order text in-
stances without sophisticated detection. Our spotter auto-
regressively decodes the position and content of characters
guided by the local semantic information to alleviate the
dependency on detection.

* We introduce two effective modules to solve the arbitrary
reading order problem and improve the efficiency of our
spotter. Specifically, the Start Point Localization Module
(SPLM) aims to localize the reference point for the correct
reading order. Guided by local semantics, the Multi-scale
Adaptive Attention Module (MAAM) decodes the charac-
ter shift and content auto-regressively, which enhances the
interaction between the position and content information.
The strategy of grid sampling in MAAM also releases the
computational burden.

* Extensive experiments show our proposed method out-
performs InverseText, a specific benchmark for arbitrary
reading order. Moreover, we also validate the state-of-
the-art performances of LSGSpotter on arbitrarily shaped
benchmarks, including 81.5% on Total-Text, and 68.9%
on SCUT-CTW1500 without the help of lexicon.

2 Related Works
2.1 CNN-based Methods

CNN-based spotters are derived from general object detec-
tors, and can mainly be divided into top-down manners and
bottom-up manners.

Top-down Methods For top-down methods, Li et al. (Li,
Wang, and Shen 2017) firstly propose the end-to-end train-
able scene text spotter based on CRNN (Shi, Bai, and Yao
2016). To solve the arbitrarily shaped text spotting, Mask
TextSpotter series (He et al. 2017; Liao et al. 2021; Liao
et al. 2020a) are proposed. Other methods (Lu et al. 2022;
Liu et al. 2020, 2021a; Wang et al. 2022; Qiao et al. 2020a)
explore various text representations for more accurate text
boundaries. AETextspotter (Wang et al. 2020) notices the
ambiguity of Chinese layout and introduces the language
model to drop out the results of non-semantic character se-
quences. Top-down spotters adopt the Rol-Align-like meth-
ods to align the text features used between detection and
recognition prevalently. However, detection-first paradigm
methods depend on the accurate detection results extremely.

Bottom-up Methods Some text spotters try to introduce
bottom-up manners to alleviate the detection-dependency
problem. CharNet (Xing et al. 2019) and CRAFTS (Baek
et al. 2020) use character-level annotations to perform char-
acter and text detection in a single pass. MANGO (Qiao
et al. 2021a) develops the Mask Attention Module to ex-
tract the global features for text instances. PGNet (Wang



et al. 2021a) performs the text instances with multi-task ob-
jectives, such as the centerline, border offset, direction off-
set and character sequence prediction. Although bottom-up
methods eliminate the dependency of detection, they still use
a specially designed polygon restoration process and extra
character-level annotations.

2.2 Transformer-based Methods

NAR Methods With the Transformer’s successful appli-
cations of various visual tasks, recent works (Zhang et al.
2022; Huang et al. 2022; Kittenplon et al. 2022; Huang et al.
2023) firstly explore the DEtection TRansformer (DETR)
(Carion et al. 2020) framework as the main architecture of
scene text spotters. Compared with CNN-based methods,
Transformer-based methods succeed in long-range model-
ing and produce a more robust performance on scene text
spotting. TTS (Kittenplon et al. 2022) and TESTR (Zhang
et al. 2022) firstly adopt Transformer into the text spotting
task. DeepSOLO (Ye et al. 2023b) improves the initializa-
tion of queries fed into the SOLO decoder based on TESTR.
ESTextSpotter achieves explicit synergy by modeling dis-
criminative and interactive features for text detection and
recognition within a single decoder.

AR Methods AR methods (Kim et al. 2022; Peng et al.
2022; Liu et al. 2023; Kil et al. 2023) model the scene text
spotting as a sequence generation task and unify more doc-
ument tasks. SPTS (Peng et al. 2022) first proposes to trans-
form the text spotting into the sequence generation task,
and later SPTSv2 (Liu et al. 2023) accelerates the inference
speed by designing a parallel-decoding scheme. UNITS (Kil
et al. 2023) tries combining with more datasets related to
OCR for training a model to balance multiple tasks. Com-
pared with NAR methods, AR methods can organize more
data related to OCR tasks for training easily. However, slow
inference speed is still an unresolved problem.

3 Methodology
3.1 Overview

Figure 2 shows the overall architecture of our LSGSpot-
ter. Given a scene text image I with n text instances, an
image encoder E, including the backbone and neck net-
work, extracts the multi-level feature maps F'. Next, F' is
flattened and fed into the Start Point Localization Module
(SPLM) to get the start point SP; = {(z;,v:,pi) 1, of
each text instance, where (z;,y;) and p; are coordinates
of the start point, and the confidence of i-th text instance
respectively. After that, the global image features F' and
start point S P are fed into the Multi-scale Adaptive Atten-
tion Module (MAAM) to decode the character content and
shift relative to the position of the former character auto-
regressively. This section will describe each module of LS-
GSpotter in detail.

3.2 Start Points Localization Module

Generally, scene texts scatter across the whole image. There-
fore, to separate different text instances and avoid calculat-
ing the global attention of the whole image, we propose a
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simple Start Points Localization Module (SPLM) to locate
the start points.

Given the global multi-level feature F', a convolutional
block maps F' into three channels F, F,. and F,.. The convo-
lutional block consists of 3 Conv-BN-ReL U layers. Specifi-
cally, F is the probability map of text start position, which
helps decide the reading order of text instances. F is the
probability map of the text centerline, which assists in sep-
arating the adjacent instances. F;. is the probability map of
the text region.

:tart:\/FS'Fr’Fc (1)

In the inference stage, we fuse three probability maps
into a fine-grained start map F7,,,, as Equation (1). Then
the start point SP = {x;,y;,p;}; can extracted from
F% . where (z;,y;) is the coordinates of the i-th start
point and p; is corresponding confidence. Given a thresh-
old T, n connected regions can be generated by M =
{m;}_, = {1|F%,.+ > T}. The i-th start point (z;,y;)
is the center of the i-th connected regions m;, and the con-
fidence p; is the mean value of probability in m;, termed as

During the training stage, polygonal annotations in pub-
licly organized datasets can generate three corresponding
ground truths GT;, GT, and G7T;.. The detailed label gen-
eration method of GT is described in Figure 3, and GT,
and GT,. are mentioned by PGNet (Wang et al. 2021a). F;.
and F are supervised by BCELoss and F is supervised by
Smooth L1 loss. Note that to simplify the calculation of £,
and L., we only consider the part of the text region. The loss
of SPLM is termed as L4+, Which is the sum of optimiza-
tion targets L, L. and L, of three maps.

Edet = ‘Cs + ﬁc + ‘Cm (2)

3.3 Multi-scale Adaptive Attention Module

For the scene text recognizer based on Transformer, Self-
Attention is responsible for obtaining the semantic informa-
tion and the cross-attention perceives the visual information
of the corresponding character. Assume the visual features
F, € Rhwxdv wwhere h and w are the height and width of
the feature map, and the semantic information from the self-
attention is s, . The cross-attention calculation is described
as Equation (3) and Equation (4):

) QKT
E., = Attention(Qq, K, V') = Softmax( W, (3)
‘ Vd
Q= WQESU K= WKqu V= WVF(N 4)

where Wg € R Wi € R4 Wy, € R¥*4. The lo-
cal features need to be adaptively extracted from Fy,. There-
fore, the grid window size is estimated by Ej, as Equa-
tion (5):

gst = {(h¢,wy);} = Sigmoid(FC(Es,)). (5)
The grid size gs; € R'*? shows the height and width
of the perceived range of local attention on different levels
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Figure 2: The architecture of LSGSpotter. Image encoder refers to the aggregation of the backbone and neck. SPLM and MAAM
are abbreviations of Start Point Localization Module and Multi-level Adaptive Attention Module respectively. The start point
produced by SPLM is the first reference point in the MAAM.

of feature maps. Suppose that the grid size is g. Then the
coordinates of grid points can be formulated as Equation (6):

w, | w, ,_@+ hy,

=5 g—1" 2 "¢g—1

i)+pe)} € RII*2,
(6)

where 7,5 = 0,1,...,g — 1 represents the point in row ¢
and column j of the grid. p; = (p¢,,ps,) is equivalent in
different levels of feature maps due to the normalization of
coordinates. The grid features can be obtained by bi-linear
interpolation as Equation (7):

gpi, =

Fy, = Sample(F, gp,) € R xdv @)

Then visual features can be concentrated as Equation (8),
where n is the levels of feature maps and n = 4.

Fy = Concat(Fy, , Fy, s Fy,,)- 8)

Jtg Gtn

In conclusion, the MAAM module calculates attention on
different local text areas when decoding every text instance.
This design not only ensures that the decoder perceives the
visual information of characters but also prevents the high
calculation consumption with the whole image area. The
outputs of MAAM are fed into a regression branch to pre-
dict the coordinate shift Ax; and Ay, of the next character
and a classification branch with a Softmax layer to predict
the character. As the input of the next step, the coordinate
shift and the content of the character in the current step ap-
pends into decoded character sequences. The auto-regressive
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process will be ended until the [EOS] token. Therefore, our
spotter makes the decoder decide the ending position inde-
pendently without sophisticated detection.

3.4 Label Generation

To ensure that the local grid features can be extracted from
the corresponding characters in each decoding step, the pre-
diction of reference points should be as accurate as possi-
ble, so it is necessary for reference points to be supervised
directly. The ideal reference point should be the center of
each character. However, due to the expensive cost of an-
notating character positions, most datasets do not contain
character-level annotations, so it is not easy to obtain an ac-
curate character-level center position. Fortunately, the local
grid designed in MAAM can cover a certain image range
and the grid size is adaptive and variable, so the local grid
can adaptively perceive the corresponding feature informa-
tion through the attention mechanism even if the character
reference point’s location could be inaccurate. Therefore, we
propose a simple strategy of label generation using the ex-
isting annotations in the scene text dataset.

Considering the existing datasets in scene text spotting
use polygons as the representations of text boundaries, and
the order of vertices follows the reading orders. Therefore,
we obtain two edges for each text instance along the read-
ing order. Given the length of the text instance m, two
edges Eiop = {t;}7%o and Eporiom = {bi}1", are inter-
polated as m + 1 points from raw polygons. The center line
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Figure 3: The visualization of Label Generation on differ-
ent language datasets. Points in different colors represent the
different text instances in (a) and (b). The red arrows in (c)
show the disturbance shift of center points.

C = {¢;}I, can be calculated as Equation (9):

Ci = ——.
2
Suppose that each character is equal in width. The ¢-th

character (¢t = 0,1,...,m — 1) center coordinate r; can be
calculated as Equation (10):

©))

Ct + Cr41
—

Now r, is regarded as the reference point of ¢-th charac-
ter. During the auto-regressive decoding, ¢y and c,, are the
[SOS] and [EOS] tokens respectively for character position.
The visualization of reference points is shown in Figure 3.

During the training phase, the teacher-forcing training
strategy in an auto-regressive manner alleviates the difficulty
of optimization, which causes bad performances of our spot-
ter. If the reference points r; are fed into the decoder during
the training stage, while the reference points are predicted
value p, during the inference stage, it will lead to expo-
sure bias in the inference because of the accumulative errors
of predicted reference points. Moreover, the precise annota-
tions in the training stage make the model overlook the pre-
vious hidden states so that cannot learn the semantic knowl-
edge. To solve these problems, we design a strategy for dis-
turbing the reference points in the training phase. Given a
set of reference points R = {r;}}-,, we use Equation (11)
to describe this procedure, where 7, 7, are the disturbing
weight of x-axis and y-axis respectively, and distributed be-
tween -1 and 1 uniformly. This setting not only makes refer-
ence points have a certain disturbance but also prevents the
reference point from disturbing too much. The visualization
of disturbing reference points is shown in Figure 3 (c).

(10)

Ty =

Y

xT
|7t
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3.5 Optimization

The overall loss function £ of LSGSpotter includes two
parts, the detection loss L4.; and the decoder loss Lgec. £
can be represented as Equation (12), where A is the weight
factor for balancing between L. and L ge.:

L= Edet + /\Edec- (12)
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In addition, £ 4. consists of the reference regression loss
and character recognition loss. It can be defined as Equa-
tion (13), where y, and ¢, are ground truth and prediction of
the transcription.

Lgec = Z[fytloggjt + SmoothL1(p, pt)]. (13)

t

4 Experiments
4.1 Settings

Following the settings of previous works, we pre-train our
model on SynthText-150k, MLT-2017 (Nayef et al. 2017),
ICDAR2013 (Karatzas et al. 2013), ICDAR2015 (Karatzas
et al. 2015), TextOCR (Singh et al. 2021) and Total-Text for
600k iterations, which AdamW optimizes with the learning
rate of 2e-4 and the weight decay is le-4. After pretrain-
ing, the model is fine-tuned on the training split of the target
benchmark for 200 epochs. The initial learning rate is le-4
and declined to 1e-5 on the 60th epoch. The entire model is
trained on 4 NVIDIA RTX3090 GPUs with a batch size of 4
on the single GPU. In addition, we utilize the ResNet50 (He
et al. 2016) with deformable convolution module (Dai et al.
2017) for the backbone and the 6-layer Transformer decoder
for the auto-regressive stage. During the training, the short
size of an input image is resized and padded to 960. Random
cropping and rotating are employed for data augmentation.
In the inference stage, we resize the short edge to 960 while
keeping the long side shorter than 1600 with the fixed as-
pect ratio. For evaluation, we follow the point-based evalu-
ation metrics proposed by SPTS (Peng et al. 2022), because
our method only generates center points for representing the
position information rather than accurate polygons. SPTSv2
(Liu et al. 2023) has proven the fairness of point-based met-
rics compared with the box-based.

4.2 Comparison with State-of-the-art Methods

Mlustrated by Table 1, our method achieves state-of-the-
art results on the InverseText, the most challenging bench-
mark. Specifically, it presents 73.7% performance without
the help of lexicons, being 4.9% better than IAST (Zhang
et al. 2024), a scene text spotter specifically designed for
inverse texts. Our spotter also achieves 82.3% performance



Methods InverseText SCUT-CTW1500 Total-Text
None Full None Full None Full
Box/Polygon-based Metric
TextDragon (Feng et al. 2019) - - 39.7 72.4 44.8 74.8
ABCNet (Liu et al. 2020) 22.2 34.3 45.2 74.1 64.2 75.7
TextPerceptron (Qiao et al. 2020a) - - 57.0 - 69.7 78.3
MaskTextSpotterV3 (Liao et al. 2020a) - - - - 71.2 78.4
MANGO (Qiao et al. 2021a) - - 58.9 78.7 72.9 83.6
PAN++ (Wang et al. 2021b) - - - - 68.6 78.6
ABCNetv2 (Liu et al. 2021a) 34.5 47.4 57.2 77.2 70.4 78.1
Boundary (Lu et al. 2022) - - - - 65.0 76.1
TPSNet (Wang et al. 2022) - - 60.5 80.1 78.5 84.1
SwinTextSpotter (Huang et al. 2022) 55.4 67.9 51.8 77 74.3 84.1
TESTR (Zhang et al. 2022) 34.2 41.6 56.0 81.5 73.3 83.9
UNITS (Kil et al. 2023) - - 66.4 82.3 78.7 86.0
DeepSOLO (Ye et al. 2023b) 64.6 71.2 64.2 81.4 79.7 87.0
ESTextSpotter (Huang et al. 2023) - - 64.9 83.9 80.8 87.1
IAST (Zhang et al. 2024) 68.8 80.6 62.4 82.9 71.9 83.5
Point-based Metric
SPTS (Peng et al. 2022) 38.3 46.2 63.6 83.8 74.2 -
SPTS v2 (Liu et al. 2023) 63.4 74.9 63.6 84.3 75.5 84.0
LSGSpotter 73.7 82.3 68.9 84.4 81.5 87.3

Table 1: End-to-end scene text spotting results on the InverseText, Total-Text, SCUT-CTW1500 English benchmarks. Bold
indicates SOTA, and underline indicates the second best. “None” represents lexicon-free, while “Full” indicates all the words

in the test set are used.

Settings Total-Text SCUT-CTW1500
Without disturbance 77.8 62.6
With disturbance 81.5 (+3.7) 68.9 (+6.3)

Table 2: Ablation experiments about reference point distur-
bance

on evaluation in “Full” condition. The main reason is that
LSGSpotter has SPLM to locate the start point. It not only
learns where the text instance is located but is also implic-
itly aware of the reading order. The local semantics guid-
ance also leverages fine-grained information to determine
the right reading order.

Furthermore, We report experiment results on several
public benchmarks, including English benchmarks Inverse-
Text, Total-Text, and SCUT-CTW1500. As shown in Ta-
ble 1, our spotter outperforms with 81.5% on Total-Text and
68.9% on SCUT-CTW1500, 0.7% higher than ESTextSpot-
ter (Huang et al. 2023) and 2.5% higher than UNITS (Kil
et al. 2023). With the help of the lexicon, our spotter also sig-
nificantly surpasses the previous methods on the “Full” eval-
uation protocol. We believe that the auto-regressive manner
aids in learning effective and fine-grained semantic informa-
tion to decode the scene texts accurately.

4.3 Ablations

The disturbance of reference points Table 2 shows the
significant influence of the disturbance of reference points.
”With disturbance” expresses that the reference points are
disturbed during training. The experiment results show the
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F, F, F Total-Text
Ve 76.4

v v 81.1 (+4.7)
v v 80.4 (+4.0)
v v v 81.5 (+5.1)

Table 3: Ablation experiments about the approach of start-
ing point localization. F,., F,, F are the text region map,
the text centerline map, and the start point map described in
Section 3.2 in detail. The evaluation protocol is “None”.

disturbance of reference points surpasses the “Without dis-
turbance” by 3.7% on Total-Text and 6.3% on SCUT-
CTW1500. We explain this improvement by Figure 4.
Whether the reference disturbance is used or not, the predic-
tion of coordinates will inevitably have slight errors. The er-
ror accumulations in an auto-regressive manner could lead to
missing some characters, as shown in Figure 4(a). However,
when we use the strategy of reference point disturbance, the
model can learn some linguistic knowledge to alleviate the
influence of reference shift. Therefore, the design of refer-
ence points disturbance during training is necessary.

Ablation on the settings of SPLM In the SPLM, we use
three feature maps to locate the reference position. In the ab-
lation study on SPLM, we analyze the necessity of three dif-
ferent features. The experiment results are shown in Table 3.
When we only use the F. to locate the reference point, the F-
measure is 76.4% on Total-Text. When we leverage the F,
with F,., it improves by 4.7% compared with the baseline.
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v v 637 (+5.1) 76
< v v 68.9 (+10.3) 7.4
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S o v 692 (+10.6) 69

Table 4: Ablation experiments about MAAM. AS means
Adaptive Scale. The evaluation protocol is “None”.

Settings FLOPs
LSGSpotter 194.47G
- Grid Sampling 846.35G

Table 5: Ablations for computational consumption. “LS-
GSpotter” indicates the default setting and - Grid Sam-
pling” refers to the configuration of LSGSpotter without grid
sampling.

After replacing Fg with F, it further enhances the perfor-
mance of 4.0%. Eventually, we use three feature maps to-
gether and obtain 5.1% better than the baseline. The above
experiment results prove the effectiveness of the fusion of
three feature maps at the same time.

Ablation on the settings of MAAM Table 4 shows the
ablation studies results on MAAM, where ”Grid” indicates
the use of the local grid, and ”AS” refers to whether the grid
scale is adaptively learned. Removing the local grid means
all image tokens from multi-level feature maps participate
in cross-attention during decoding. As shown in the 1st and
2nd lines of Table 4, dense attention cannot bring satisfy-
ing performance and efficient inference speed. The compar-
ison of the 2nd and 3rd lines of Table 4 validates the perfor-
mance and efficiency of the adaptive scale. We explain that
the adaptive scale makes the decoder perceive the location of
each character due to the large-scale variation range of scene
texts. Additionally, we quantitatively compare the complex-
ity reduction caused by grid sampling in Table 5. The sam-
pling operation brings about several times increase in effi-
ciency. Furthermore, we attempt three different grid number
settings to explore the effect of grid size. The experiments
claim that the grid size of 7 x 7 brings the most enhance-
ment on SCUT-CTW1500. However, it is only a 0.3% im-
provement compared with the settings of 5 x 5, but it slows
down the inference speed extremely. Therefore, we use 5 X 5
as the default setting of the grid size.

Ablation on the settings of T As shown in Table 6, we
perform an ablation experiment on Total-Text using differ-
ent values of T'. Results show that when 0.3 < T < 0.7,
T slightly impacts detection and spotting performances, be-
cause it serves as a threshold for selecting starting points
derived from the center of connected regions, which of-
fers robustness to noise. However, when 1T' > 0.8, recall
significantly drops, adversely affecting end-to-end results.
Conversely, T' < 0.3, false positives increase significantly,
but end-to-end performance remains stable. This suggests
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T 02 03 04 05 06 07 08 09
F 87.5 90.4 92.0 93.0 92.6 92.1 884 745
None 80.0 81.0 81.3 81.5 81.4 81.1 79.1 68.9

Table 6: Ablation for the threshold 7" of SPLM. “P”, “R”,
“F” and “None” denote precision, recall, and F1-score for
detection and end-to-end spotting performance, respectively.

Figure 5: Qualitative results on the testing set of InverseText,
Total-Text, SCUT-CTW1500 from left to right in the first
line. The second line is the visualization of local grids pre-
dicted in MAAM for some challenging text instances. The
color from light to deep indicates the decoding order.

that MAAM effectively filters out false positives by directly
outputting the [EOS] token upon encountering such points,
demonstrating its noise resistance.

4.4 Visualization and Qualitative Analysis

Figure 5 shows the visualization of four public benchmarks
mentioned in this paper. It can be observed that our method
can accurately locate the start point and recognize the texts.
Notably, our method performs well in large aspect-ratio, in-
verse, and curved text instances by locating the start point
and predicting the next character in an auto-regressive man-
ner, which helps determine the reading order of text in-
stances.

5 Conclusion

In this paper, we propose LSGSpotter, a local-semantics-
guided scene text spotter. To address the extreme depen-
dency of accurate detection in the whole spotting pipeline,
we revisit the recognition process and propose two effective
modules, SPLM and MAAM respectively. SPLM locates the
start point of the text instance to avoid our spotter paying
more attention to the background noise. Moreover, SPLM
learns implicit reading orders of text instances and solves the
inverse text effectively. MAAM decodes the character shift
and content step-by-step. The adaptive local grid attention
can save the computational resources further. Extensive ex-
periments show the outperformed performances of our spot-
ter on three English benchmarks. It proves our spotter can
handle the arbitrary reading order problem effectively. In the
future, We hope our method can inspire further exploration
of detection-free spotting.
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