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ViT-CTC: Vision Transformers with CTC for Scene Text Recognition

Rina Buoy?

1. Abstract

Connectionist temporal classification (CTC) is one of the
popular decoders in scene text recognition (STR), thanks to its
simplicity and low latency. Many CTC-based methods rely on a
one-dimensional (1D) vector sequence that is an output from a
recurrent neural network (RNN) encoder. Nevertheless, for
curved or irregular text, 2D features are required for accurately
predicting characters. In this paper, we considered a ViT-CTC
STR design that uses a CTC decoder and a pretrained vision
transformer (ViT) as a two-dimensional (2D) feature extractor.
Since a CTC decoder expects a 1D vector sequence as input, we
explored two options to collapse a 2D feature sequence froma ViT
model to a 1D feature sequence by (1) vertical averaging in feature
space and (2) height marginalization in class probability space.
Based on the latter option, we derived association maps that
associate each predicted character to regions on an input image
and determine character locations without any visual-linguistic
cross-attention mechanism. The association maps can be used to
explain why a model predicts what it predicts. The ViT-CTC
models were trained on synthetic training datasets and inoculated
by finetuning on real labeled datasets. The inoculated ViT-CTC
models outperform the recent CTC-based state-of-the-art (SOTA)
methods on the aggregated public benchmark dataset.

2. Introduction

Scene text recognition (STR) recognizes text in a natural scene
and has remained an active area of research because of complex
and distorted imaging conditions [1, 2]. Many existing deep
learning-based STR methods can be categorized according to how
they decode extracted visual features to characters. These methods
can be based on a connectionist temporal classification (CTC)
decoder, an attention-based decoder, or a transformer decoder [3,
4]. The CTC-based methods have lower latency and performance
because each decoded character is assumed to be conditionally
independent. The attention-based and transformer decoder-based
methods achieve higher latency and performance because each
decoded character is conditionally dependent on previous
characters [4]. CTC is a many-to-one alignment-free algorithm
that assigns a total probability of an output sequence conditioned
on an input sequence by marginalizing over all possible
alignments [5]. CTC was first proposed to map a sequence of one-
dimensional (1D) acoustic features to a sequence of characters [6].
CTC is anon-autoregressive decoder since the output at the current
timestep is not conditioned on the previous outputs [7]. Since a
CTC decoder expects a 1D vector sequence, existing CTC-based
STR methods such as CRNN [8], Rosetta[9], GRCNN [10],
STAR-Net [11], and TRBC [12] use a 1D feature extractor that
maps a two-dimensional (2D) image to a 1D feature vector
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sequence by collapsing height dimension and increasing feature
dimension, as shown in Figure 1(a).

However, for irregular or curved text and non-Latin scripts with
complex structure, a 2D feature sequence, as shown in Figure 1(b),
is required for accurately predicting characters distributed in a
two-dimensional space [13, 14, 15]. In addition, the imposed
requirement of a 1D feature vector sequence by a CTC decoder
suggests that powerful pretrained 2D feature extractors such as
vision transformers (ViT) cannot be utilized directly. In contrast,
existing CTC-based methods use a custom 1D feature extractor,
especially a modified convolutional architecture that is often not
pretrained on a large-scale image data. There was an attempt by
Wan et al. [16] to extend the standard CTC decoder to include the
height dimension during alignment operation. Despite the
improved performance by the proposed 2D-CTC, the 2D
prediction problems remain unsolved [14].
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Figure 1: (a) 1D vs. (b) 2D STR
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To overcome limitations and maintain low latency of a standard
CTC decoder, we considered a ViT-CTC scene text recognition
design that uses a CTC decoder and a pretrained vision transformer
(ViT) as a 2D visual-temporal feature extractor. Since CTC
operates on a 1D vector sequence, we explored two options: (1)
vertical averaging in feature space and (2) height marginalization
in class probability space. In the former option, a 2D feature
(H' x W') sequence from a pretrained ViT model is averaged over
height dimension to form a 1D feature sequence as input for a
character softmax classifier and a CTC decoder. In the latter option,
the character softmax classifier operates on a 2D feature sequence
and produces a 2D joint distribution sequence over height (H") and
characters ( C ). Marginalization is applied over the height
dimension to obtain a 1D marginal distribution sequence over
characters for a CTC decoder. While the former option is simple,
the latter option provides model explainability by simultaneously
predicting and locating characters through association maps
shown in Figure 2. The association maps associate each predicted
character to regions in an input image and thus explain why a
model predicts what it predicts. We experimented with different
VIiT-CTC designs by using pretrained ViT models including data-
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efficient image transformers (DeiT-I11) [17] and class-attention in
image transformers (CaiT) [18]. Our ViT-CTC models were
trained on a collection of synthetic training datasets and inoculated
by finetuning on a collection of real labeled datasets. The
experiment results show that our inoculated ViT-CTC models
outperform the recent CTC-based state-of-the-art (SOTA)
methods on the aggregated public benchmark dataset. Our
contributions can be summarized as follows:

We proposed a height marginalization method in class
probability space as a more explainable alternative to a
simple vertical feature averaging technique. With the
proposed technique, we experimented with various ViT-
CTC designs by using different pretrained ViT
architectures and a CTC decoder.

With the proposed method, we derived association maps
that associate each predicted character to regions in an
input image and thus, determine character locations

without any visual-linguistic cross-attention mechanism.

We found that the inoculated ViT-CTC models achieve
competitive performance with the recent CTC-based
state-of-the-art (SOTA) methods on the public
benchmark datasets.
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Figure 2: Assomatlon maps for model explainability and
character lor localization

3. Proposed Method

The marginalization approach works in probability space
instead of feature space. If F(H',W’, D) is the extracted feature
maps from any 2D feature extractor, F(H', W', D) is directly fed
to a linear classifier to produce unnormalized score distributions
S(H',W',C). S(H',W',C) is given by:

S(H',W',C) = LinearClassifier(F(H', W', D)) @)
A softmax normalization is applied to S(H', W', C) along H' and
C to produce S*(H', W', () in which a slice along W' is a valid
joint distribution over H' and C.

S*(H',W',C) = Softmaxy: (S(H',W', C)) )
Next, S*(H',W',C) is marginalized over H' to produce a
sequence of valid distributions over characters, $* (W', C) that is
required for a CTC decoder. S*,, (W', C) is given by:

S W', C) =3 s* (W', ) ®3)

$E 25

¢ Normalize &
Marginalize
over H

Figure 3: The marginalization-based STR method

The marginalization-based STR method architecture is shown in
Figure 3.

4. Datasets

The synthetic training set comprises 8.5M images from 50% of
MJSynth [19], 50% of SynthText [20], 100% of SynthAdd [13],
10% of SynthTiger [21].

The real finetuning set comprises 2.4M images from COCO-
Text [22], RCTW [23], Uber-Text [24], ArT [25], LSVT [26],
ReCTS [27], TextOCR [30], and Openlmmages [29]. For COCO-
Text, RCTW , Uber-Text, ArT, LSVT, and ReCTS, we used the
processed versions by [30] while for TextOCR and Openlmmages,
we used the processed versions by [3].

Sample synthetic training and real finetuning images are given
in Figure 4.

(a) Synthetic Training Samples

A “Tufe ‘.‘.." were

Figure 4: (a) Synthetlc tralnmg samples (b) Real ﬁnetumng
samples.

The evaluation datasets include the test sets of SVT [31], I1IT5k
[32], 1C13 [33], IC15 [34], and the entire sets of SVTP [35] and
CUTESO [36].

5. Experiment Design

We experimented with three variants of DeiT-111 [17] including
DeiT-Small, DeiT-Medium, and DeiT-Base and a CaiT-Small [18].
The details of these four pretrained ViT models are shown in Table
1. For an input image of 224 x 224, the output feature maps are
14 x 14 x D, and D is an embedding dimension.

Table 1: The specifications of pretrained ViT models. FPS:

ViT Modcl GFLOPs Emb. Dim,D | Acciil (INci-1K)
DeiT-Small 6 81 B
DeiT-Medium 8.0 512 83.0
DeiT-Base 17.5 768 838
CaiT-Small 0.1 381 83.5

FPS
65
66
62
25

Size
224 %224
224x224
224x224

224x224

Params
22.2M
38.8M
86.6M
17.0M

The character set has 37 characters including case-insensitive
alphabets, numbers, and a blank token, €. The input images were
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resized to 224 x 224 pixels. The training strategy comprised two
phases: (1) training on the synthetic datasets and (2) finetuning on
the real datasets. These two phases of training allow us to identify
models' weaknesses or training datasets' blindspots during
evaluation [37]. The training process consisted of 50 iterations.
During each iteration, 300,000 images were randomly selected,
and a batch of 64 images were used for training without any data
augmentation. This is equivalent to around 2 epochs on the whole
training data. The fine-tuning phase followed the same settings as
before, but it only lasted for 30 iterations, which is approximately
equivalent to 3 epochs over the entire finetuning dataset. The
cyclic learning schedules between 10~* and 10~° and between
1075 and 107°, were used for training and finetuning phase,
respectively.

6. Results

For fair comparisons, we compared with only the existing CTC-
based and non-autoregressive methods. The existing methods
except for VIiTSTRs [1] and DiG-ViTs [2] are based on a 1D
feature extractor. ViTSTRs use a pretrained ViT model and a non-
autoregressive decoder while DiG-ViTs use a vertical feature
averaging technique and a CTC decoder. GTC [38] was trained
with an attention-based decoder but performed inference with a
CTC decoder. CRNN [8], STAR-Net [11], GRCNN [10], and
Rosetta [9] are based on re-implementations by Baek et al. [12]
that includes evaluations on all benchmark datasets. Table 2 shows
that performance differences between feature averaging and
marginalization in the ViT-CTC models were marginal although
the marginalization-based models obtained the highest accuracy
across all the public benchmark datasets except for CUTESO0. In
addition, with the marginalization method, we have access to
S*(H',W’,C), a sequence of joint distributions over H’' and C.
S*(H',W’,C) allows us to reason why a model predicts what it
predicts. It is also possible to localize a predicted characters by
using S*(H', W', C) which will be discussed in the below section.
In the context of attention-based or encoder-decoder STR methods,
S*(H',W’,C) is equivalent to cross-modality attention maps.

The finetuned ViT-CTC models outperformed the recent CTC-
based SOTAs such as DiG-ViTs and GTC on the aggregated
benchmark dataset, as shown in Figure 5. A major difference
between the ViT-CTC and DiG-ViT models is that DiG-ViT
models were pretrained without supervision on a collection of
15.77M unlabeled real data and finetuned on 2.78M labeled data.
However, the ViT-CTC models were pretrained with supervision
on labeled synthetic datasets.

7. Model Explainability and Character Localization

With existing CTC-based methods, it is not possible to explain
why a model predicts what it predicts. Since a slice along W’ in
S*(H',W',C) is a valid joint distribution over H' and C, it is
possible to spatially associate model prediction to regions on the
feature maps or an input image. Such spatial association between
a predicted character and regions on the feature maps is crucial for
explaining why a model predicts what it predicts. Another benefit
is that we can use the association map to localize the predicted
characters. The association map (AM) is expressed below:

AM(H',w) = 1if S*(H',w,x,,) = aandx,, #€ 4)
AM(H',w) = 0 otherwise (5)

w is a prediction timestep or frame. x,, is a CTC predicted
character at w. a is a threshold between zero and one. A high a
associates x,, only to high probability regions. Figure 6 shows the
association maps corresponding to different values of @. The
association maps demonstrate that the model manages to associate
each predicted character to the correct lower regions instead of the
top intruding regions.

Table 2: Model performance comparisons with the existing
CTC-based. Underscore : highest for the existing methods.
Bold : highest for the ViT-CTC models. FT: finetuning. FA :
feature averaging. M : marginalization. Params: parameters in
millions.

Method Params | IIT [ SVT | 1C13 | IC15 | SVIP | CUTE | Total
CRNN 83| 829 81.6 89.2 69.4 70.0 65.5 8.5
STAR-Net 487 | 87.0| 869 | 915 | 76.1 T TLT | 8335
GRCNN 4.6 | 842 837 | 88| 714 736 68.1 | 80.1
Roscita 143 | 843 817 89.0 712 738 69.2 R0.3
TRBC 487 | 870 | 869 | 915 | 76.1 ThH TLT | 835
GTC - | 96.0 91.8 93.2 79.5 85.6 91.3 90.1
CRNN 83| 80.8 | 843 | 909 | 731 746 823 | 838
SeqCLR -| 809 - 86.3 - - - -
-5 215 | 86.6| 912 | T7.9 | 8V.3 814 779 | 844

858 | 884 92.4 8.5 87.7 818 813 85.6

- 854 86.1 92.8 70.3 73.9 69.2 81.2

20.0 | 933 | 87| 925| 70.1 788 83.0 | 87T

36.0 | 955 91.8 95.0 84.1 83.9 86.5 9L.0

- 520 | 950 | 926 | 953 | 842 85.0 89.2 | 915
DeiT-S (FA) (baseline) 216 | 914 86.4 89.6 742 75.8 79.1 84.7
DeiT-M (FA) (baseline) 380 | 920 873 | 914 | 774 780 82.2 | 86.4
DeiT-B (FA) (baseline) 85.7 | 93.1 8R.7 92.9 773 9.7 85.7 87.4
CaiT-S (FA) (baseline) 6.5 | 943 | 872 | 925 | 705 79.4 87.1| 882
DeiT-S (M) (ours) 216 [ 914 85.5 913 75.3 76.7 82.2 85.3
DeiT-M (M) (ours) 380 | 925 | 878 | 922 766 0.5 819 | 86.6
DeiT-B (M) (ours) 85.7 | 93.0| 869 | 922 | 786 79.1 84.0 | 873
CaiT-S (M) (ours) 16.5 | 93.5 86.9 91.9 77.6 T7.8 85.4 87.2
DeiT-S (FA) + FT (bascline) 216 | 95.0 88.4 94.2 81.6 82.0 88.5 89.6
DeiT-M (FA) + FT (baseline) 389 | 955 | 912 954 | 834 834 92.0 | 910
DeiT-B (FA) + FT (bascline) 85.7 | 95.9 92.1 95.9 83.9 84.2 92.7 9L5
CaiT-S (FA) + FT (bascline) 46.5 | 96.0 92.3 95.8 84.5 B84.7 93.7 | 9L.7
DeiT-S (M) + FT (ours) 216 | 946 832 ] 954 ] 815 83.1 913 | 80.9
DeiT-M (M) + FT (ours) 389 | 950 92.3 95.2 83.5 84.0 90.9 90.9
DeiT-B(M) + FT (ours) 85.7 | 959 92.6 | 96.1 | 844 343 92.7 | 9L.T
CaiT-S (M) + FT (ours) 16.5 | 96.1 90.6 95.4 | 84.9 85.4 92.7 | 91.7

‘ ® Existing Methods « ViT-CTC (Feature Averaging) OVIiT-CTC (Marglna\izatlon)‘

950
Deit-M |r.n.4rs)cw.r-S (ours) Deit-B (ours)
Deit-S (ours) .
2900 @ oDgurscro DeViTB(CTO)
5
> & Dig-ViT-T (CTC)
€ g5 | Baek(2021) Back (2019) VITSTR Base
3 VITSTR-Small - °
< ™ TAR-Net
b=l [SRCNN Rosetta
0800+ @ L
2 ©
= CRNN
k=
T 750
70.0 + 1
0.0 200 400 60.0 80.0 100.0

Parameters (Millions)

Figure 5: Model performance vs. parameters on all datasets
(total).
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(a) input (b)a=0.8 (c)a=0.9 (d) a=0.99
Figure 6: Association maps for different values of a. The color
bars show regions on input images, corresponding to predicted

characters.
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8. Conclusion

In this paper, we considered a ViT-CTC STR design that uses a
CTC decoder and a pretrained vision transformer (ViT) as a two-
dimensional (2D) feature extractor. In addition to a simple vertical
feature averaging technique, we presented a marginalization-based
technique that collapses the height dimension in class probability
space. Based on the proposed method, we derived association
maps that explain why a model predicts what it predicts, and
determine character locations without any visual-linguistic cross-
attention mechanism. The inoculated ViT-CTC models
outperform the recent CTC-based state-of-the-art (SOTA)
methods on the aggregated public benchmark dataset. The
proposed method can be easily adopted, implemented and
generalized to other 2D pretrained feature extractors.
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