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Introduction

What is Scene Text Recognition? — Overall Concept

X/

% Scene Text Spotting
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Introduction

What is Scene Text Recognition?: Overview

% Scene Text Recognition (STR)
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Introduction

What is Scene Text Recognition?: Overview

% Scene Text Recognition (STR)
- =AZt EX5t= O|0|X|0j|A O[O|X| Lf =XI&= Q4

- =ZAE0| ZE O|O[X|7F 2= H 22 S0{7t3 O[0|X|0f EXfols 2Atss =9

Overview of Scene Text Spotting

Predict Text

m “PLACE"

Text Recognition “ "
ER | K Model ¥ LRI

“SATIE"
SAIIE

OREA
y| LS
KOREA UNIVERSITY

-7/80 - Data Mining
/ o.:.i Quality Analytics




Introduction

What is Scene Text Recognition?: Overview

% Scene Text Recognition VS Optical Character Recognition (OCR)
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Introduction

What is Scene Text Recognition?: Model Architecture

X/

% Scene Text Recognition in Deep Learning: Input & Output

- OfLfe| k0| CHl o2 7He| =XtA QI ==gLE &= Sequence Prediction Task
2. 0|0|X| / = (Label):. 2AHE)

v
v" Sequence Prediction Task: Scene Text Recognition, Image Captioning ...
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A=) 24

Image Captioning

A man is using a mobile phone in a cafe
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Introduction

What is Scene Text Recognition?: Model Architecture
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Scene Text Recognition in Deep Learning: Input & Output

- OfLfe| k0| CHl o2 7He| =XtA QI ==gLE &= Sequence Prediction Task
v Y= 0[0|X]| / ZE(Label;: 2XHE)
v

Sequence Prediction Task: Scene Text Recognition, Image Captioning ...
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Introduction

What is Scene Text Recognition?: Model Architecture

% Scene Text Recognition in Deep Learning: Input & Output

- OfLfe| k0| CHl o2 7He| =XtA QI ==gLE &= Sequence Prediction Task
v Y= 0[0|X]| / ZE(Label;: 2XHE)
v" Sequence Prediction Task: Scene Text Recognition, Image Captioning ...
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Introduction

What is Scene Text Recognition?: Model Architecture

X/

% Scene Text Recognition in Deep Learning: Architecture
«  Scene Text Recognition2 3 H| 4EHA 2 14

@  Transformation: & ==l O|0|X|E 2HIE HEZ HH (Affine, TPS

@  Feature Extraction: ‘S & El O|0|X|0f| M Visual FeatureE = (ResNet, VGGNet)
®  Sequence Modeling: Visual FeatureE Context FeatureZ 2t (BILSTM)
@  Prediction: Context FeatureE &35f| O|0|X| Lf SXI=2 0|5 (CTC, Attention)
Overview of Scene Text Recognition Model Examples for STR Model

Normalized image X Visual feature V Prediction Y " F

Contextual feature H

= Seq.
wm_,m_. BRI s s
Feat
s —— t _______ .
"""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""" Trans. i None TPS
Image

(a) CRNN (b) TRBA

* Baek, J., Kim, G, Lee, J., Park, S., Han, D., Yun, S., ... & Lee, H. (2019), What is wrong with scene text recognition model comparisons? dataset and model analysis, Proceedings of the IEEE/CVF International
Conference on Computer Vision (ICCV).
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Input image Normalized image X Visoul festure V Contextual feature HJ| Prediction Y
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What is Scene Text Recognition?: Model Architecture —— e
¢ Architecture (1): Encoder
«  Scene Text Recognition2 3 H| 4EHA 2 14
@  Transformation: & 2=l O|0|X|E SHIE HE{Z HH (Affine, TPS =
@  Feature Extraction: 2= El O|0|X[0{|A] Visual FeatureE =& (ResNet, VGGNet) Encoder
®  Sequence Modeling: Visual FeatureE Context FeatureZ 2t (BILSTM) —

Feature Extraction & Sequence Modeling

/// / // Contextual
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Normalized image X Visual feature V Contextual feature H| Prediction Y
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What is Scene Text Recognition?: Model Architecture

X/

¢ Architecture (2): Decoder
«  Scene Text Recognition2 3 H| 4EHA 2 14

@  Prediction: Context Feature= E3f 0|0|X| Lj 2X52S 0= (CTC Attention) — Decoder
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Introduction

What is Scene Text Recognition?: Limitation of Previous Studies

»» Limitation of STR: Insufficient Labeled Data
«  Scene Text Recognition2 0|3 H|&0| ACt= SHA|7} EXY
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Introduction

What is Scene Text Recognition?: Limitation of Previous Studies

+ Limitation of STR: Insufficient Labeled Data
«  Scene Text Recognition2 2{|0|=3 H|&0| ALt= oHAI7} EXY
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Introduction

What is Scene Text Recognition?: Limitation of Previous Studies

% Synthetic Data
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Introduction

What is Scene Text Recognition?: Limitation of Previous Studies

% Synthetic Data
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Introduction

What is Scene Text Recognition?: Limitation of Previous Studies

+» Unlabeled Data
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Introduction

What is Scene Text Recognition?: Limitation of Previous Studies

«» Unlabeled Data
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Introduction

What is Self/Semi-supervised Leaming?: Overview

X/

% Methodology using Unlabeled Data
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Introduction

What is Self/Semi-supervised Leaming?: Self-supervised Learning

X/

% Self-supervised Learning
- gF E1I0|E1% HASH 7|E2| Y= H|O|E O Supervision(X| &)= F= HAICE H|O|F 2]

=
v' Stagel: Unlabeled H|O|E{Z Pretraining
v' Stage2: Labeled H|O|E{Z Fine-tuning

CHEXA QI X}7|X| =85 Framework (Context Prediction, 2015)

Pretext task

___________________

Knowledge Transfer

Supervised Downstream Task Training
La bel d Dala et
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\ )
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Introduction

What is Self/Semi-supervised Leaming?: Self-supervised Learning

% Self-supervised Learning

Pretext Task: A2 Self-supervision =X|E H2[5l0] O|F O|SE2N SETE o5
Contrastive Learning: Z=0{ &l 42 H|O|E{0]| CHSH Positive/Negative Pairg 2|2t = H|O|E
A E Sl EFE b5

4

Non Contrastive Learning: Negative Sample= & 2|5HX| @411, Positive Pairft 2 2 sh&

Self-supervised Learning

Pretext Task Contrastive Learning Non Contrastive Learning
Exempler(2015) . .
Context Prediction(2015) . a?@‘gé%())zo) «  BYOL(2020)
JigSaw Puzzle(2016) . MoCo(2020) e SimSiam(2021)
Rotation(2018)
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Introduction

What is Self/Semi-supervised Leaming?: Self-supervised Learning

X/

% Self-supervised Learning

Pretext Task: A{ =22 Self-supervision X & 2|50 0|8 O|FH2EM EF

Contrastive Learning: T=O0{ T 1= O|O|E{0]| CH3H Positive/Negative Pairg &2

U 2AE Sl 58 ofs

«  Non Contrastive Learning: Negative Sample= ‘3 2|SHX| g1, Positive Pairft2 =

X eers S A4 MojLt

=2 . . .
- Self-Supervised Eelf—Supemsed Learning E,em with Contrastive Learning
Representation Learning (Algorithm & application)
ket
Seokho Moon Saokho Moon
e 1, 00 Ware 90, 2120 Sures Universily

Data Mihing % Qualty Arehms Lab

Self-Supervised Representation Learning Self-Supervised Learning (algorithm & ap Deal with Contrastive Learning
wpx: (@) 2xz ann. (M) 2xz SR & aey
dor 4ir
£ 20204 58 12 £ 202011119 202 B9 202144 98 102
3 ex14- 3 e=iA- 3 2814~
@ sat==22 0]2(Zoom) D =212 H|C|2 AlHE (YouTube) D =222 H|O2 AlHE (YouTube)
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Introduction

What is Self/Semi-supervised Leaming?: Semi-supervised Leaming

X/

% Semi-supervised Learning
«  LabelO| 3= G[O|E{0] CHSH ZEHQ| O|ZA1tE LabelZ Y2|2 BHE0{F0] S
«  Labeled H|O|E{2} Unlabeled Ci|O|EH & &7 2-&3I0] oF B10f| &+&

CHEX QI =X =ahs YHHE (FixMatch, 2020)

@ Labeled H|O|E{0f| CHSt
Weak Loss Z"ﬂ'

Augmentation

Prediction Label

= .
Image ¥ ﬁ Z|F Loss L&
Weak
Augmentatlon Prediction Pseudo Label\

@ ThresholdE EHACHH
' Pseudo-label 2 £
Unlabeled \
Image
@Unlabeled Cilo|Efoyl et

Strong Loss Al 4t
Augmentation

| Nt
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Introduction

What is Self/Semi-supervised Leaming?: Semi-supervised Leaming

X/

% Semi-supervised Learning

*  Pseudo-Labeling Method: Unlabeled H|O|H & O|SZ1E &850 7IRt= 20|58 &
Labeled CIO|H M T &&

«  Consistency Regularization Method: H|O|E{ 5! Z &0

REE oS

o

= /oll= o =0 Chet Eatd=

*  Hybrid Method: 013 =X| =8t €i12|52| Of0|C[H & =&t 28510 ot

Semi-supervised Learning
I I
Pseudo-Labeling Consistency Regularization Hybrid
*  Self-training(2007) »  Temporal Ensemble(2016) e MixMatch(2019)
*  Noisy Student(2020) ¢ Mean Teacher(2017) e FixMatch(2020)
¢ Meta Pseudo Labels(2020) « UDA(2020) e  FlexMatch(2021)

y| LEiCiS
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Introduction

What is Self/Semi-supervised Leaming?: Semi-supervised Leaming

X/

% Semi-supervised Learning

»  Pseudo-Labeling Method: 0|52 1HE &-85t0] Unlabeled HO|EHZE 7= 20|23 F,
Labeled CIO|H M T &&

«  Consistency Regularization Method: H|O|E S 220 HAS 7151 O =0 Cietr YatdS
LA Eohg

*  Hybrid Method: 012 &=X|=8t5 €1E|F0| OI0|C|NE Z&tst0] 2= HHE

Deep semi-supervised leaming
(Basic and Algorithms)

1ent Enginasnng Koree University

B A\ DMQA = heal

Semi-supervised learning in deep neural

Deep semi-supervised learning (Basic ani

W a ojaIx wax: ™ wEs
9 20204 128 4 B 20214 109 1Y
{3 214~

9 2124~

© 2211 HIC]2 Al (YouTube) © =319l 41512 A (YouTube)
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Algorithms

Overview

X/

< Overview of Algorithms
*  Labeled HO|E{7} 53t 20| A, Unlabeled H|O|E{E 27H &&83t0 2RES S5

«  Self/Semi-supervised Learning= Scene Text Recognition0f| &

@  Self-supervised Leaming-based Scene Text Recognition
* Scene Text Recognition!2 L= Hand written Text Recognition9)] Z&

@  Semi-supervised Leaming-based Scene Text Recognition

®  Self&Semi-supervised Learning-based Scene Text Recognition

oy LCiCHStw
KOREA UNIVERSITY
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Algorithms

Self-supervised Leaming-based STR: Sequence-to-Sequence Contrastive Leaming for Text Recognition (CVPR, 2021)

X/

% Self-supervised Learning-based Scene Text Recognition
«  Text Recognition0i| Self-supervised Learning2| Contrastive Learning= &

*  SeqCLR: Sequence-to-Sequence Contrastive LeaRning

Sequence-to-Sequence Contrastive Learning for Text Recognition

Aviad Aberdam® Ron Litman* Shahar Tsiper Oron Anschel
Technion AWS AWS AWS
aaberdam@cs.technion.ac.il litmanr@amazon.com tsiperRamazon.com oronans@amazon.com
Ron Slossberg Shai Mazor R. Manmatha Pietro Perona
Technion AWS AWS Caltech and AWS
ronslosfcs.technion.ac.11 smazorfamazon.com manmathafdamazon.com peronappldamazon.com

| LTI
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Self-supervised Leaming-based STR: Sequence-to-Sequence Contrastive Leaming for Text Recognition (CVPR, 2021)

X/

% Overview & Background
- E=ARIA0] Unlabeled HIOIEE &7H &Y = U= X7 |X| =S5 Framework K| 2t
- XI7|X|=3HE & Contrastive Leamning= &

v Contrastive Leaming: Positive Pair= FAISHE S, Negative Paire &0|StEE at&

o QHP™Ol XH7|X| =85 (SImCLR )& STRO| H-E23ICHH, of2|of 242 SHA|I 7 =X

L—

rlo

glo

7|Z RandAugment”| 8t Data Augmentation SequenceE Si1E 4= QU

v
v EXeIA REO| X|L& Sequentialtt EAS S| 02 S

Contrastive Learning (SimCLR)
Text Recognition2| Sequentialet 7
N - g 4 <eos> OO

m fY2| Y3 44

softmax softmax softmax

*
softmax é Zl
Input W + 4 ) +
e & —>L9|'M~+L9rM—+|er—+|SIM~+|5TM
X R A

Feature Extraction
\ I &\
<S0Ss> . g % > .;E L 'z:-r E HE" Augmentation IS
o v
* &

Data Mining
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Algorithms

Self-supervised Leaming-based STR: Sequence-to-Sequence Contrastive Leaming for Text Recognition (CVPR, 2021)

X/

% Text Recognition + Contrastive Learning?
«  STR2 1712 L0 Chsll Oof2] 7He] =2 HuE A= 7=
«  ZEH0| Sequence?t EXSH= H|0|Ef HEN

> 29t 0l O[0|X| = &M 2k Ct27 02 719] Sequential®t =={gfS BrHBYOF ot

Text Recognition2| S

KORE

=

o o 2 4 ®H 4 ¥ - <eos>
2 Y1 fYZ ¢Y3 $Y4

softmax softmax softmax

*
softmax softmax
out 1 4 4 1 4
I&E%M—» LS{M**LS‘I‘M-*ISI‘M*ISIM**ISTM
X f

Festure Exracion ! ! !

kit
v
un
v
z

<sos> b Y b
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Algorithms

Self-supervised Leaming-based STR: Sequence-to-Sequence Contrastive Leaming for Text Recognition (CVPR, 2021)

X/

s Overview of Model Architecture

Phase (1): Pretraining (Contrastive Learning) — Unlabeled H|O|E ZH-&

*  Phase (2): Fine-tuning — Labeled Hi|O|E| &

Overview of Model Architecture

: o
€ o

.

—bé—b [ pa

> LSTM

<S505>
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Algorithms

Self-supervised Leaming-based STR: Sequence-to-Sequence Contrastive Leaming for Text Recognition (CVPR, 2021)

X/

< Overview of Phase1: Contrastive Learning
«  Data Augmentation

«  Base Encoder

*  Projection Head

*  Instance Mapping Function

. Contrastive Loss

SeqCLR Architecture
X R“ pa
“fn4 Y B~ — Y ) — =~ S
Input Image ’_. _>- il Contrastive
X . Stochastic Base Projection Instance Collect all zaz b Loss
Aty fe d ] i i _p-' .
: \J:I e augm:r:?ation Encoder Head Mappmg ms‘;]aar:'.i‘ils "

Xb

L&Wi/ﬁi[////]—r

OREA
y| LS
KOREA UNIVERSITY

- 34/80 - Data Mining
/ o.:.i Quality Analytics




Algorithms
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.
eV & & *E~ﬂ'l—-m~{//

Self-supervised Leaming-based STR: Sequence-to-Sequence Contrastive Learning for Text Recognition (CVPR, 2021)

o

% Model Architecture (1)

. EXIU| #MZ HEGIK| Y

LS —

Data Augmentation= 22|

2l
Base EncoderO{| Al Visual Feature =& 2 Contextual FeatureZ B2t
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Self-supervised Leaming-based STR: Sequence-to-Sequence Contrastive Leaming for Text Recognition (CVPR, 2021)

*+ Model Architecture (2)
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Self-supervised Leaming-based STR: Sequence-to-Sequence Contrastive Leaming for Text Recognition (CVPR, 2021)

*+ Model Architecture (2)
«  Z Frame'® £ Representation2| QualityE 2F4 Al7|7| 25l Projection HeadE &

v" None, MLR BILSTM

«  Projection HeadE %l Z} Frame==2 Instance Mapping FunctionE S5l Contrastive Loss
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Self-supervised Leaming-based STR: Sequence-to-Sequence Contrastive Leaming for Text Recognition (CVPR, 2021)

*+ Model Architecture (2)
«  Z Frame'® £ Representation2| QualityE 2F4 Al7|7| 25l Projection HeadE &
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Self-supervised Leaming-based STR: Sequence-to-Sequence Contrastive Leaming for Text Recognition (CVPR, 2021)

*+ Model Architecture (2)
«  Z Frame'® £ Representation2| QualityE 2F4 Al7|7| 25l Projection HeadE &

v" None, MLR BILSTM

«  Projection HeadE %l Z} Frame==2 Instance Mapping FunctionE S5l Contrastive Loss
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% Model Architecture (3)
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Self-supervised Leaming-based STR: Sequence-to-Sequence Contrastive Leaming for Text Recognition (CVPR, 2021)
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Self-supervised Leaming-based STR: Sequence-to-Sequence Contrastive Leaming for Text Recognition (CVPR, 2021)

% Fine-tuning Phase
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Self-supervised Leaming-based STR: Sequence-to-Sequence Contrastive Leaming for Text Recognition (CVPR, 2021)
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% Experiment Result

«  SequenceE 112{5}0{ Contrastive Leaning= =AM = M|, EAF QA0 22 d52 EY
v STROJM= gd O|0|X|E 28510 S5t Representation= SHESHA| 2SR 7|0, Supervised Leamingt F-AFSH

«  Window-to-instance 2fA10| CHH| 2 3t 52 22

or

 ~
el
Handwritten Dataset Scene-Text Dataset
IAM RIMES CVL IT5K  1C03 IC13
Method Decoder Label fraction Label fraction

5% 10% 100% 5% 10%  100% 5% 10%  100% 100% 100%  100%

Supervised Baseline 214 336 75.2 359 599 86.9 48.7 63.6 75.6 76.1 87.9 84.3
SimCLR [Y] 154 218 65.0 365 529 84.5 52.1 62.0 74.1 69.1 83.4 79.4

I EfrEC_LRLCimiex_mE[ _____ cTC 204 278 63.7 486 556 84.4 51.8 623 74.1 64.5 81.7 78.1
SeqCLR All-to-instance 275 448 76.7 504 664 89.1 60.1 69.4 76.9 74.7 88.2 83.2
SeqCLR Frame-to-instance 31.2 449 75.1 61.8 719 90.1 66.0 71.0 77.0 69.8 84.2 81.8
SeqCLR Window-to-instance 262 421 76.7 56.6 625 89.6 61.2 69.7 76.9 80.9 89.8 86.3
Supervised Baseline 257 425 77.8 570 67.7 89.3 640 721 77.2 83.8 o1.1 88.1
SimCLR [Y] 227 322 70.7 499 609 87.8 590 65.6 75.7 77.8 88.8 84.9

I EEIEC_LRLCBHE?X_ME[ _____ Attention 246 329 70.2 519 630 87.3 597 66.2 75.2 722 87.0 82.3
SeqCLR All-to-instance 40.3 516 79.8 69.7 769 92.5 69.5 73.2 77.6 80.9 90.0 87.0
SeqCLR Frame-to-instance 372 485 78.2 688 759 92.3 69.7 734 717.5 76.3 90.2 85.8
SeqCLR Window-to-instance 38.1 523 79.9 709 770 092.4 73.1 748 77.8 82.9 92.2 87.9
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Self-supervised Leaming-based STR: Sequence-to-Sequence Contrastive Leaming for Text Recognition (CVPR, 2021)
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% Experiment Result
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Self-supervised Leaming-based STR: Sequence-to-Sequence Contrastive Leaming for Text Recognition (CVPR, 2021)
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%  Summary
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Semi-supervised Leaming-based STR: Pushing the Performance Limit of Scene Text Recognizer without Human Annotation (CVPR, 2022)
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% Semi-supervised Learning-based Scene Text Recognition

«  STROJ| Semi-supervised Learning2| Consistency Regularization2 &-&

Pushing the Performance Limit of Scene Text Recognizer
without Human Annotation

Caiyuan Zheng"?; Hui Li®, Seon-Min Rhee*, Seungju Han?, Jae-Joon Han*, Peng Wang!

!School of Computer Science and Ningbo Institute, Northwestern Polytechnical University, China,
2National Engineering Laboratory for Integrated Aero-Space-Ground-Ocean
Big Data Application Technology, China,
3Samsung R&D Institute China Xi’an (SRCX),
4Samsung Advanced Institute of Technology (SAIT), South Korea
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Semi-supervised Leaming-based STR: Pushing the Performance Limit of Scene Text Recognizer without Human Annotation (CVPR, 2022)

o%

* Overview & Background
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Semi-supervised Leaming-based STR: Pushing the Performance Limit of Scene Text Recognizer without Human Annotation (CVPR, 2022)
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% Overview of Model Architecture

»  Supervised Branch

* Unsupervlsed Branch Projection Layer, Exponential Moving Average(EMA), Weight Decay, Stop Gradient
v Online Model & Target Model 2 78 El Asymmetric®t T2 (Inspired from BYOL)
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Semi-supervised Leaming-based STR: Pushing the Performance Limit of Scene Text Recognizer without Human Annotation (CVPR, 2022)
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% Overview of Model Architecture

«  Supervised Branch % Unsupervised Branch L 2 & 9| 7|21 Z = Of2fet &S
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Semi-supervised Leaming-based STR: Pushing the Performance Limit of Scene Text Recognizer without Human Annotation (CVPR, 2022)
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% Model Architecture (1): Supervised Branch
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Semi-supervised Leaming-based STR: Pushing the Performance Limit of Scene Text Recognizer without Human Annotation (CVPR, 2022)
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% Model Architecture (1): Supervised Branch
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Semi-supervised Leaming-based STR: Pushing the Performance Limit of Scene Text Recognizer without Human Annotation (CVPR, 2022)

% Model Architecture (2): Unsupervised Branch
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° 1 &l o 1
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Semi-supervised Leaming-based STR: Pushing the Performance Limit of Scene Text Recognizer without Human Annotation (CVPR, 2022)
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% Model Architecture (2): Unsupervised Branch
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Semi-supervised Leaming-based STR: Pushing the Performance Limit of Scene Text Recognizer without Human Annotation (CVPR, 2022)
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Semi-supervised Leaming-based STR: Pushing the Performance Limit of Scene Text Recognizer without Human Annotation (CVPR, 2022)
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% Model Architecture (2): Unsupervised Branch - Decoder
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Semi-supervised Leaming-based STR: Pushing the Performance Limit of Scene Text Recognizer without Human Annotation (CVPR, 2022)
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Semi-supervised Leaming-based STR: Pushing the Performance Limit of Scene Text Recognizer without Human Annotation (CVPR, 2022)
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Semi-supervised Leaming-based STR: Pushing the Performance Limit of Scene Text Recognizer without Human Annotation (CVPR, 2022)

X/

- SXgh KL-Divergence
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% Model Architecture (3): Domain Adaptation

«  Domain Adaptation2 &%l &-d H|O|E <} &A| O|O[E] ZF Domain Shiftg Z[2-2}
v" Supervised Branch@t Unsupervised Branch®| Target Model2| Vision FeatureO|A] 2t2t S 24t S 78+ 5, O|F2| K}
0| & &3} Domain Shift Z|23} (Deep CORAL Loss, ECCV, 2016)

. - Unsupervi{ie::l.Br;nchgl ZEM U
17 |(cov(H”) — cov(H™") ||

Supervised Branch2|

= | =
SEA A

‘C’ﬁ'ﬂ =

Z2H|L A E

Model Architecture
~Supervised Branch™ ;7T TUsupervised Branch — T \\

Consistency
Loss

17
1

AN

[

|
Loss |

|

I
i)
|

l

I

|

Classifier

Decoder Decoder Decoder
Encoder Encoder Encoder

I
I
| | o
| R /ey
t | [ Target model \ Strong Weak
'o/ [ online model augmented augmented /

-— - e e e —Z

|
\
\
\
\
\
|
\
\
|
‘ Classifier
\
|
\
\
\
|
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¢ Model Architecture (4): Overall Loss

«  Supervised Branch Loss + Unsupervised Branch Loss + Domain Adaptation Loss

v Aeons: Unsupervised Branch LossOf| Ci$H 7HS K|
v Jgq: Domain Adaptation LossOf| CH3t 7HE K|

£m.‘r‘r‘r1” - E’J'f:f; + )'h::ﬂns £r'rm.=-: + }'lduﬁfm

y| LEiCiS
KOREA UNIVERSITY
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% Model Architecture Summary

1.

Supervised Branch Loss AH&

@ OFad 2olE2 8510 ikt AEZLIE Silf A=
Unsupervised Branch Loss A=

@ 0| 3 23| = Online ¥ Target Model0f| &/

@  Encoder ~ ClassifierS S50 ZF Model0|A] 0| = =2

®  TargetModel| 0% 25 Zt2 Soll &5 AFESHL, AAI4LE H| LSt Noisy H|O[H Of F L

@  Noisy H|O|E{7} OFL|2HH, 2K} EH2| 2 Consistency Loss 42 (O, Context Information= &S-5)

Domain Adaptation Loss At&

@  Supervised Branch2} Unsupervised Branch Target Model2| Visual FeatureS &-83}0] Deep CORAL Loss 2H&
Overall Loss = Supervised Branch Loss + Unsupervised Branch Loss + Domain Adaptation Loss
Weight Update

@  Supervised Branch Weight &IH|0|E

@  Unsupervised Branch (Online Model): Projection 7S X| 2t &IH|0| E, 1 2| Encoder/Decoder/Classifier= Supervised Branch

NEXESH
®  Unsupervised Branch (Target Model): Online Model2| 7+F&X|€ EMASIY 2H|0|E
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SO0 o.:.i Quality Analytics o

KOREA UNIVERSITY




Algorithms

Semi-supervised Leaming-based STR: Pushing the Performance Limit of Scene Text Recognizer without Human Annotation (CVPR, 2022)

two

X/

% Experiment Result

«  Inference A|Ofl= Supervised Branch?t 2-&
- = AFO FX|ETE FrameworkE HEJS I, 7|& KXot RHEO E2 d58 EY

v 7|1ELQ| SOAX|otg RRELIE2 d5

CHE R Hjw 2 Zat

Methods Labeled Unlabeled Regular Text Irregular Text Ave
Dataset Dataset IC13 SVT T IC15 SVTP CUTE =
Shi er al. [39] (CRNN) MJ - - 80.8 782 - - - -
Luo et al. [28](MORAN) SL - - 883 934 778 79.7 819 -
Yang er al. [52](HGA) SL - - 889 947 795 80.9 854 -
Baek et al. [2](TRBA) SL - - 87.5 879 - 79.2 74.0 -
% Liao eral. [24](Mask TextSpotter) SL - 953 91.8 939 773 822 878 883
TE.' Wan ef al. [40](TealSvanner ) SL - 92,9  90.1 939 794 84.3 83.3 88.3
§ Wang et al. [49](DAN) SL - 939 892 943 745 80.0 844 87.2
- Yue et al. [55](RobustScanner) SL - 94.8 88.1 953 771 79.5 903 884
5 Qiao er al. [34](SRN) SL - 955 915 948 8§27 851 878 904
@ Zhang et al. [5T](SPIN) SL - - 90.9 952 828 843 83.2 -
Mou et al. [31](PlugNet) SL - - 92.3 944 - 84.3 84.3 -
Qiao er al. [33](PIMNet) SL - 95.2 91.2 952 835 843 844 905
Fang et al. [Y](ABINet) SL - 97.4 935 962 860 893 89.2 927
Gao eral. [12] 0% SL  90% SL -~ 781 748 - . N B
Baek et al. [3]J(CRNN) RL Book32 et al. - 84.3 898 - 74.6 823 -
Baek et al. [3](TRBA) RL Book32 et al. - 91.3 948 - 82.7 88.1 -
Fang et al. [Y](ABINet) SL Uber-Text 97.3 949 968 874 90.1 934 935
CRNN-pr SL - 91.0 822 902 716 707 813 828
CRNN-cr SL RU 924 879 920 758 75.7 85.8 85.9
MORAN-pr SL - 951 904 934 797 80.6 854 88.5
" MORAN-cr SL RU 96.5 930 941 826 829 88.5 90.2
é HGA-pr SL - 950 895 936 T98 81.1 878 887
HGA-cr SL RU 954 932 949 840 868 920 912
TRBA-pr SL - 973 912 953 842 RB64 920 915
TRBA-cr 10% SL 10% RU 973 947 962 870 80.6 944 932
TRBA-cr SL RU 983 963 965 893 93.3 93.4 94.5
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o Experiment Result

A A —~ =< O L O
. AAO| FX| =5t Framework?t =X E3ts MAALAECE  £2 ds2 EY
v' FixMatchLt UDAE= Labeled H|O|E{2} Unlabeled H|O|E{7} & &t =0 Rl(In-domain) & = 2at7 JAAKX[TH C
l(Cross-domain) & M= 235|2{ &tH==2 0|
> 7| HHEE2 o HIO|EQt 22 XI0|E S81X| 2ot Ho 2 FH
= -l AL [ -
=X ot nEi bl Hd Aut
Labeled/ ~IC13 SVT T __
Unlabeled Data  Ve0dS 1015 syt cute M8
R (55.7K)/ 90.1 875 888
= P
E . SWP 976 780 530 O
g . 930 886 920 IC13 SVT 11
g Method S, e AV
T RLygyG57Ky TXMach g3 g5 gz 884 etho IC15 SVIP CUTE &
RLgop(223K) 925 886 914 ; ,
UDA g7 809 885 o4 Pseudo Label (PL) :23 :; 33; 90.9
PER 01.5 02.9 — - -
Ours - - 820.3
o 825 836 B85S i Noisy Student (N§) :2; :zi 321 92.4
= SLua(145M)/ sp 960 00 %44 o a1 s
g i 824 826 889 Ours e : “ 932
= : > 87.0  89.6 94.4
. FixMaich o0 862 792 499 ' - -
2 SLyn(1.45M)/ e 772 691 :
] .
E  RU.u(1.06M) 932 853 900 .
~ UDA 257 795 823 93
973 947 962
g3 3
Ours  g70 896 o944 2
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\/
0‘0

Experiment Result
Asymmetric X0 &

Asymmetric 7-Z=0]| Ciot A ZAn}

Adske g
OE

OX|=

471X 2240 Chet =21t 4
2 A0 M K| QtSH= Character-level Consistency Regularization(CCR)2| 21t AE

H=
0o

3 Zat

CCROj| CHst &

IC13

SVT

T

Method IC15 SVTP CUTE Ave
i O6.6 93.0 06.4
SCR _ 92.2
84.9 85.9 03.1
a7.3 04,7 96.2
. ,
S 87.0 850.6 04.4 3.2

- . _ IC13 SVT T
Projeciton WD EMA DA IC15 SVTP CUTE Avg
04.2 91.5 BE.7
80.5 54.0 54.0 §7.0
v 94.5 90.1 89.5 Q77
81.6 50.1 85.4 '
97.2 93.0 93.5
912
v v 85.9 87.0 91.3 1.2
v v v 96.7 94.0 9.9
86.7 89.3 92.7 )28
v e v o 'fJ_.-"_."w 04.7 06.2 93.2
87.0 89.6 94.4
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X/

%  Summary
«  STRO|A Bt O|O|E{Q} A X| Unlabeled H|O|EHE 2-&35l= =X|=StE Framework |t

v Consistency RegularizationS &-&5}0] at&
EES
v Supervised Branch

v Unsupervised Branch: Asymmetric Structure, Character-level Consistency Regularization
v Domain Adaptation: Deep CORAL Loss

- 7[0d
v Asymmetric Structure2 S5 QHdst Bl M 7iM
pnje)

v Character-level Consistency RegularizationOflA] Contextual Informationg SR8 2M 2Xt Zt Misalignment 4| s Z
v" Deep CORAL Loss& &&3}0] 2b'd H|0|E 0] 2[sH Zldt= Domain Shift Z| 22}

Data Mining
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Self&Semi-supervised Learmning-based STR: Multimodal Semi-Supervised Leaming for Text Recognition (arXiv, 2022)

X/

% Self&Semi-supervised Learning-based Scene Text Recognition
«  STRO| Self-supervised Learning2't Semi-supervised Learning= 25+ H-&

«  SemiMTR: Semi-supervised Learning-based Multimodal Text Recognition

Multimodal Semi-Supervised Learning for Text
Recognition

Aviad Aberdam!, Roy Ganz?*, Shai Mazor!, and Ron Litman®

' AWS AI Labs
2 Technion, Israel
{aaberdam, smazor,litmanr }@amazon.com, ganz@cs.technion.ac.il

oy LCiCHStw
KOREA UNIVERSITY
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Self&Semi-supervised Learmning-based STR: Multimodal Semi-Supervised Leaming for Text Recognition (arXiv, 2022)

X/

% Overview & Background
- HZF AL SE
v STRE &5 I8t Labeled HO|E{ 7} OfR £=5H A7

v' STRO|| Unlabeled H|O|E{ & &-&%t A= Vision FeatureRt 0250 3|1 Y-S

«  STRO| Self-supervised Learningdt Semi-supervised Leaming= =5 -8t Framework A| ¢t

v' Self-supervised Leaming: Contrastive Learming

v' Semi-supervised Leaming: Consistency Regularization
* Vision & LanguageE =5+ 112{2t Multimodal7|Et2| 2 &S X[ F
v 1ZHA: Vision Model Pretraining

v 2EHA|: Language Model Pretraining
v 3EHA: Vision & Language Model Fine-tuning & Fusion Model Training

Scene Text Recognition

Natural Language Processing

Data Mining
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Self&Semi-supervised Learmning-based STR: Multimodal Semi-Supervised Leaming for Text Recognition (arXiv, 2022)

R

«  Vision Model Pretraining

v Contrastive Leaming®| Supervised LossE &4

«  Language Model Pretraining
v" Masked Language Model

*  Fine-tuning & Fusion Model Training

v Zf Modality' Prediction

v Z} Modality'® Consistency Regularization

% Overview of Model Architecture (SemiMTR)

tot

Model Architecture

Consistency
e Er :
1
= NE=38 =
_.[ Fusion J [ Language }__I Regularization |__{ Language J [ Fusion ]__

Prediction Prediction Prediction Prediction

Contextual features Contextual features
I’y

i Language Model [ Language Model ]

_\k_ Consistency e
Vision o _: Regularization :_ o Vision
Prediction Prediction

——  Visual features Visual features

Y Y

Vision Model I i Vision Model

Stochastic Data
Augmentation

e
\\ Stop Gradients ﬁ

y| LS
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Self&Semi-supervised Learmning-based STR: Multimodal Semi-Supervised Leaming for Text Recognition (arXiv, 2022)

S

«  Contrastive Learning
Contrastive Leaming< SeqCLR(CVPR, 2021)2| 7= (Unlabeled H|O|E 5!

Supervised Leaming Backbone + Position Attention2| T+ (Labeled Ci|O|E{ T 2H8)

Visual BackboneZt &t

v
v

« 32 Fusion Modeld|=

Vision Model Architecture

Stochastic Data
Augmentation

Un/Labeled Data

---- labeled Data

Vision Model

(™ Tposition | f
= - i Bl |
1 Attention J

Projection

* Model Architecture (1) Vision Model Pretraining

3! Supervised LearningS SA|0f| 22310 AMEHS

| Labeled H|O|E 25 2H8)

& 1
I vision

[ Projection H

—7 SeqCLR Architecture
Mapping Oo \ o V/‘WW—vm—»W / —'m—'ﬁ / _’m—’{//
: . 0 ase e
e
i |- /)| Contrastive Learning

[

Vision Model

TS TTTT,
I vision
1 Prediction !

........

Data Mining

i |-l
Quality Analytics
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Self&Semi-supervised Learmning-based STR: Multimodal Semi-Supervised Leaming for Text Recognition (arXiv, 2022)

X/

% Model Architecture (1) Vision Model Pretraining

s
. C|O|E & 22[: STRS| E4Z BHHSIN, =M E 2|&6HK| Y= MOj|A] SeqCLRE.L Stronger Augmentation (for Color)
. Contrastive Leaming: Visual Backbone — Projection — Instance Mapping — Contrastive Loss (SeqCLR) / NCE Loss

. Supervised Leaming: Visual Backbone — Position Attention — Vision Prediction — Supervised Loss / Cross Entropy

* Visual Backbone: ResNet / Position Attention: Transformer / Instance Mapping: Window-to-Instance

« AT NCE Loss®t Cross EntropyE 7FE S £=M Y. Lsccrr + A0 Y Lee
D, D Dy,

Vision Model Architecture

Data Augmentation in SemiMTR

)
[ Projection H :::::;: ]—» {X//}Zb Input Image

Stochastic Data o
Augmentation O ]
o
[ Projection I—Pl Instan_ce ‘—b {/// } Z?
Mapping 1=

U,
i vision |
1 Prediction !

________

Previous Work SemiMTR

SeqCLR

Un/Labeled Data

---- labeled Data

i ) Data Mining
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X/

% Model Architecture (2) Language Model Pretraining
«  Masked Language Model(MLM)2 2 AHHSHS =3

v MIM: &7 Text Token= 72|10 7124 % £29| Text Token= X Sh4|

> & D2 HAERO| B2 MM £/42| SHAIE =5517| 2{8l TokenO| OtL! Attention Map®i| Masking= =24

il

(o]
=
to] APHStE

OF

v Unlabeled dataTt &, Large Text CorpusE &
O

« Vision Modeldt= HI| 2 Text H|O|E{2F 2831 st&

Language Model Architecture

[Linenr&Someux Hs HOVIN (;l Probability
[y .

p Feature

S
| DL M

1 s 3B moooooo
I ¢ = |1 2 OROO000]
: '] s ComEnmE
! [l & BEEERES
| : ¢ DOOCICM
: Multi-Head | Attention masks

| Attention e —m————_——— -
| v ] t - 1
e e T oty o)
| fdng ) | !
| G5 D 1 i [srpvine])
| 12345677 V|5 !

] Allow to attend B prevent from attending
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X/

% Model Architecture (3) Fine-tuning & Fusion Model Training
o T HAS SA[O 2850 o5

o 1= O

v Z} Modality(Vision, Language, Fusion)0i| EH3H Consistency Regularization2 2 &t& (Unlabeled + Labeled Hi|O|E)

v' ZF Modality(Vision, Language, Fusion) Prediction 2{0il CH$t Cross Entropy (Labeled data)
- 4

@ OIO|Ee 342 23| &= O], Vision Pretraining X & 2+

SH
o
@ Consistency Regularization Loss: == ModalityOl| CHSH Loss 4+, ThresholdE BHE 50| Noisy?t A|# A= 2EHE
Threshold®} | 510
Noisy HIO|E{= EE{™
Comsn (V5™ =3 (MG SO )
0<i< Nweal

® Supervised Loss: Vision, Language, Fusion Prediction0f| CHSH Cross Entropy ==
* Stop Gradient M-&

ot Color Augmentation <=

@ Owverall Loss: Consistency Regularlzatlon Lossgf Supervised Loss2| 7+ ¢t
3 A Y Loonss (YRS Y™ )40, Y LeolY Leo(Y o)

dedecoders

&= Modality Consistency Loss

o nEosn
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\/
0‘0

Experiment Result
Unlabeled Ci|O| E
Unlabeled Ci|O|E{E
[ A Labeled HIO|E{ +

=
=
=

_I_

o
-

T 2E

St SemiMTRO| CHE 2

Vision 2! FusionOf] 25 & A|

_|
=
MM

o

A Unlabeled H|O|E{]0f 24 O

1=
=
M=

o

SCHEL 458
SEAF
o O

ol
=
i SEAF
oo S o

> 2td H|O|E{7} Labeled H|O|E{(Bl'd H[O|E 2] 1.7%)7 M2 StAE o1|_x4 H o}
CHE 2t Hlw 49 Ao}

Common Benchmarks

Non-Common Benchmarks

Method Labeled  Unlabeled IIIT SVT IC13 IC15 SVTP CUTE Avg. COCO RCTW Uber ArT LSVT MLT19 ReCTS Avg.
Data Data 3.000 647 1,015 2,077 645 288 7.672| 9,835 1,050 80,826 35,284 4,257 2,693 2,592 139,537
[ PlugNet [21] Synth X 944 923 950 822 843 850 | 89.8 - - - - - - - -
RobustScanner | Synth X 953 881 W8 771 79.5 90.3 88.2 - - - - - - - -
SCATTER [ ] Synth X 93.7 927 939 822 56.9 87.5 80.7 - - - - - - - -
Plugnet [11] Synth X 944 923 950 822 84.3 85.0 89.8 - - - - - - - -
SRN ] Synth X 94.8 91.5 955 827 55.1 87.8 90.3 - - - - - - - -
VisionLAN [71] Synth X 95.8 9L7 95.7 83T 86.0 88.5 91.1 - - - - - - - -
TRBA ] Synth X 92,1 889 931 T4.7 0.5 78.2 85.7 50.2 a9.1 36.7 7.6 8.0 80.3 =06 46.3
TRBA ] Real-L X 93.5 87.5 926 T6.0 T8.7 86.1 8.6 62.7 67.7 52.7 63.2 68.7 85.8 53.4 a8.6
TRBAPL ] Real-L Real-U 948 913 940 806 82.7 88.1 89.3 66.9 TL.5 54.2 66.7 73.5 87.8 5.6 60.9
TRBApL [] Real-L,Synth Real-U 95.2 920 947 81.2 84.6 88.T 90.0 - - - - - - - -
TRBApL [] Real-L,Synth Real-U 95.2 920 947 81.2 84.6 8R.7 90.0 - - - - - -
ABINet©" ] Synth X 96.4 932 951 82,1 59.0 89.2 91.2 63.1 59.7 39.6 68.3 85.0 86.7 52.0
ABINet* [ ] Real-L X 955 934 944 Bl 87.1 89.6 90.8 69.2 Tl.6 55.7 67.7 88.2 9.6 62.4
ABINetpp* [ Real-L Real-U 96.4 941  95.0 837 288 93.1 91.8 71.2 74.2 6.8 70.5 89.1 90.9 63.9
| ABINetea™® [ Real-L Real-U 96.5 96.3 957 83T 59.1 92.0 92.1 1.7 T3.8 6.8 7.1 89.3 91.6 63.9
E SemiMTR-V Real-L Real-U 95.6 935 952 825 88.1 90.6 91.0 T0.5 75.1 57.7 69.5 5. 89.6 92.3 64.2
SemiMTR-F Real-L Real-U 96.5 954 965 842 29.6 90.6 92.3 70.9 74.9 57.7 0.3 75.5 89.3 91.5 G4.4
SemiMTR Real-L Real-U 96.7 95.5 96.6 B83.8 90.5 93.8 92.4 72.0 75.8 58.5 TO.8 77.1 90.3 92.5 65.2
e SemiMTR ~ 7 7 7 ] Real-L.Synth ~ "Real-U” ~| 9737 06.6 97.0° 84.7 93.0 ~93.8 |933 | 727 ~ 763 ~ 584 ~ 723 771 T 002 T T 93.2 [ 65.6
. . KO’([A
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X/

% Experiment Result

—e

«  Vision Model Pretrain A| [Contrastive Loss + Supervised Loss|2 £t SE|7| 7HE S atA

v e E2d8s

- STRO|| H2SHE= Color Transformation M|7|& Z45HA| 2F Augmentation F1EFe| 21t &

ol

Data Augmentation in SemiMTR
Vision Model2| Pretrain &A1} SZ7|H0j| Cligt A= J

Vision Model
Method Augmentations Common  Non-Common
Benchmarks Benchmarks

Previous Work | SemiMTR
SeqCLR

Input Image

Weak : Strong

Supervised Baseline [17] ABINet [17] 85.3 57.9
Two-Stage SeqCLR [] 86.7 59.6
Unified SeqCLR [!] 87.0 60.2

Unified Ours 88.1 60.3

Data Mining
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X/

% Experiment Result
«  Consistency LossE Al&tet I 28 E[= 571X 24 & of2f 2450| 21tE 7+

v ZAg Cross Entropy

v Stop Gradient 22
v One-hot Label &
v ThresholdE &3t Noisy H|O|H EHE
v Z Modal Outputi| CHSH Consistency Loss A&
H = of Al&
Consistency Loss2| 2450 Cljet &€
Consistency Stop Soft Common Non-Common Teach. Student Common Non-Common
Loss Gradients labels Threshold Benchmarks Benchmarks cacher neen Benchmarks Benchmarks
CE v X X 91.8 65.0 :’}5?0“ L"if‘im‘ 3;; :‘ig
-y -y / 151011 anguage J1.: o5 3 )
(;E' X v X IL8 h 1': Vision Fusion 92.1 65.2
) CE v v X 91.8 f?"l"'} Vision Vision, Language, Fusion 91.8 65.0
KL Divergence X v X 92.2 64.5
Fusion Vision 92.0 64.7
CE v X v 92.2 65.0 Fusion Language 91.7 64.6
CE X v v 92.0 65.0 Fusion Fusion 92.2 65.1
CE ¢ v w4 92.0 64.7 Fusion Vision, Langnage, Fusion 92.3 65.1
KL Divergence X v v 92.1 64.8 Vision, Language, Fusion Vision, Language, Fusion 92.4 65.2
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X/

%  Summary

«  STRO|| Self/Semi-supervised Learning= 25 2-&35}= Framework K| 2t

v’ Vision Model 22t OFL|2} Language Model = 2H7H| 2
. Zuax

v" Vision Model Pretraining

ol ot

v" Language Model Pretraining
v" Fine-tuning & Fusion Model Training

- 7]0H
v' Labeled Cl|O|E{7} &5t A E Unlabeled Ci|O|HE &&

=2 35|= Self/Semi-supervised LeamingS 25 HE3l0] 25
v Vision Feature 2 2F OtL|2} Language Feature”7HX| et =M 7|EELCH (2 HEE 28510 g5

Data Mining
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Self/Semi-supervised Leaming for Scene Text Recognition

X/

%+ Conclusions

«  Scene Text Recognition
v" Scene Text Spotting = Scene Text Detection + Scene Text Recognition
v H2{'d 7|8t2| Scene Text RecognitionOf|Af Inputt Output2| HE S BRI ATY
v X2 2X|4E: Insufficient Labeled Data

*  Self/Semi-supervised Learning

v Labeled G[O|E{ 7} &5t 220 A Unlabeled HIO|EE eVH &8Y == U= YWHE

3
@  Self-supervised Leaming-based STR: STRO|| Contrastive Leaming= M- 8% 2=
@  Semi-supervised Learming-based STR: STRO]| Consistency Regularization= o
®  Self&Semi-supervised Leaming-based STR: STRO|| Contrastive Leaming + Consistency Regularization + (Multimodal

Leaming)= &
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