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Who am 1? (1/2)

*| come from Fukuoka, Japan
» Ranked as one of the most “easy-living” cities in the world

Marcus and Imran have stayed there
for a couple of months

o FUkKUOEA

G et

[Photo: Fukuoka city]



Who am 1? (2/2)

*» Research

» Pattern recognition (PR)
- especially for Document Analysis and Recognition (DAR)

» Application of machine learning and optimization to PR
problems

*Image-informatics and computer vision
e Interdisciplinary collaborations

* English
*SOBAD (ex.re |, bev shes)
| beg your kind effort to understand what | am saying



Introduction

Let’s think about the world “beyond 100%"




Prelude:

My 20 years of happy DAR re

search

» Character recognition methods

* DTW (elastic matching) and its variants
» Eigen-deformations

Solution via linear approximation

* Part-based methods
* Non-uniform slant correction
» Mathematical document recognition

»Scene text detection and recognition
» Context-aware detection
» Reading-life log
» Detection by multiple-hypothesis




My happy days were suddenly gone by....

! Big-data &
m n
4 Deep learning (CNN)

O

© Scene text

Q recognition

g [ OCR for handwritten

O Chinese charactemrrs_.

[ Postal-code ]
OCR
roduct

1929 1955 1966 1996 2000



How did CNN kill me?:

A personal experiment 1 weidax icrir, 20161

(only 2 misrecognized images!)

231456789 '
Size: 32x327 @ 5

#samples: 512,265
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How did CNN kill me?:

A personal experiment 2 weidax icrir, 20161

NN
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Size: 32 X 32
#samples: 819,652

Data-set

Accuracy: 99.89 %

(only 92 misrecognized images!)
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Trained CNN
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How did CNN kill me?:

A personal experiment 3 wehidax icrHr, 20161

arEb o

Size: 32 X 32
#samples: 6,721 fonts x 10 classes

Training
90%

10%
[

Accuracy: 95.7 %

—yer

Data-set




Better than human!?

» Most of fancy fonts are recognized correctly by
CNN
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Performance of scene text detection and

recognition is also getting better and better

o EAST [zhou+, CVPR, 2017] * CRNN [Shi+, TPAMI, 2017]

Samples correctly recognized by CRNN

The SOTA performance is still upgraded even in 2019...



Then | start thinking
what we can do in the world

BEYOND 100%
@

&

i



Actually, our real goal is not just to get

perfect recognition results

Poor recognition results

Tentative goal

|

Perfect recognition results

/ Real goals

\-

g Ultimate application

by using perfect
recognition results

J

\_

Scientific discovery
by analyzing perfect
recognition results

~
~

)




Today’s topics: Open research directions

in the world “beyond 100%"

» Application-oriented topics We still have many
Interesting topics

: - : around DAR research!
» Scientific topics

» Design of characters (letters, fonts,...)
*Interaction between text and object
*Interaction between text and human
* Distribution of character patterns

* Relationship to semantic analysis

» Conclusion



Today’s “take-home” messages

* There are still many interesting research topics!

* Please do not think only about recognition
accuracy

e Recognition accuracy is just one aspect of DAR research

» Please define your own task (rather than just
follow a task that someone defined)
e Think why! Watch how! Think differently!

e | think this might be the most important in this open-
source/open-research era!
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Application-oriented topics




What does “beyond 100%"” mean?

» Computer can detect, read, collect, and analyze
all textual information in the wild!

“Texts on d’&g'j“ital display




Many promising applications

in the world “beyond 100% "

i o

e L

-

Memorandum record / Personal knowledge-base
Automatic diary /
Sharing / Comparison / Evaluation / Translation /
‘ Recommendation / Suggestion / Real-time guide /
To-do support / Done-it support /
Education / Welfare /




An application example:
Reading prescription and medicine box

for supporting pharmacists



An application example:
“Reading-life log”

nac ST060 062 7;‘,,qu__cq‘q, ;;;;;;;;;;;

[Kimura+, ICDAR2013]



An application example:

Deeper analysis of reading activity

» Ex. eye-movement pattern shows the
understanding level of the reader
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(Already tackled but still) open problem:

Historical document recognition

History is recorded only in historical documents!

Ex. Ancient earthquake records (useful for future
earthquake prediction)

THE DEADLIEST
EARTHQUAKES IN JAPAN'S
HISTORY
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https://the24hourtala.wordpress.com/2011/03/30/japan-time-line-example/



(Already tackled but still) open problem:
Form understanding |RUESEIEIEEE

written here?

* One of ultimate goals of OCR researe” .-

Order Form Order id: Order dat”«~(dd/mm/yy)
Customer Name Gender
Given Family
Address ZIP Country Pakistan
(check one)
Germany
Japan
Order list | Item Qty Price (tax) | Note
total
$ ()
Payed? Payment Cash Credit card | Wire trans.
(y/n) $ $ $




(Already tackled but still) open problem:

Cartoon (Manga) recognition

It is also one of ultimate DAR tasks!!

*Manga 109 datase onomatopoeia decorated text

X
)

\\ \\
A\
Ay

confusing
background

“Akkerakanjincho” “ARMS"”
Copyright: Kobayashi Yuki Copyright: Kato Masaki

http://www.manga109.org/en/index.html



Other possible applications (1/2)

Augmented-reality (AR) X Scene text

*Showing scene texts appropriately for users
*ex.1: Scene text translator (done)

*ex.2: Scene text magnifier

*ex.3: Reflowable scene text

Department of sycholoqy

Second Year

Department of Psydhology

Seoord Year

[Nakamura+, ICDAR2019]

- Reformatting scene texts for individual displays or scene conditions
| General idea of “reflowable document”

Lorem ipsum dolor sit amet, consectetur
adipisicing elit, sed do eiusmod tempor
incididunt ut labore et dolore magna
aliqua.

_

reflow

Lorem ipsum dolor sit
amet, consectetur
adipisicing elit, sed do
eiusmod tempor

!Iore magna aligua. .




Other possible applications (2/2)

Real end-to-end systems
Typical “end-to-end” ‘33}
input »| detection& > understanding > action
e recognition

“LIMIT" Limited to
"25" 25 mph N
N ?refoto.:;.r.n

Real “end-to-end”
inpu > action

sankyo-auto.co.jp




A hint to real end-to-end system!? (1/2)

Image-based calculation by neural network

Input images

r’l |1 [ |44“—,

Input Layer HL1 HL2 HL3
Nodes: 60X15 256 nodes 256 nodes 256 nodes
Depth: 2 Fully Con. Fully Con. Fully Con.
RelLU RelLU RelLU

output “image”
showing the sum

Output Layer
Nodes: 60X15
Depth: 1
Fully Con.
Sigmoid

[Hoshen+, AAAI, 2016]



A hint to real end-to-end system!? (2/2)
Image-based language conversion

It seems useless.
However, it can
convert
letters which
never appear in
the training data

00000060
b N ]
e Llis i 1

Conv 3x3, Relu
up conv 2x2, Relu
max pool 2x2
Conv 1x1, Relu
Reshape

[Baba+, ICDAR2019, To appear]



Possible research targets for applications:

A brief summary

* Development of “reading-life log”

» Utilizing the logged text information
» Education, welfare, user-interface, ...

» Complex document understanding
*Form, manga (cartoon), historical document, ...

» Development of real end-to-end systems
*The real goal of DAR is not just recognition
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Scientific topic #1

Design of characters
(letters, fonts,...)




Character images are very special

»Simple binary image

» Stroke-structured pattern

*Small size (ex. 32x32 pix)

* Predefined classes (ex. 10 classes for digits)

*Visual communication code designed by human
» All characters in the world were artificially-designed

iﬁzfﬂ;\aa
éﬁé[—\da



Human-being are so smart

on generating character sets!

* Human-beings have never generated
the following character set

uon 111 " uzn 113" "4" 071 182! 2937

*So, all characters are generated so carefully for
better leqgibility even if they seem so complicated

v 0 o I yow - 7] Tl . v 2 - et .

AT BN B A

o 16}

Htts://en Wlkipedla.org/ik|/Tangut_script



Q. Can we simulate character

generation process by computer?

- Probable conditions
* Easily drawable (by hand or pen) 4_ |
*Basily reproducible e M.
e Distinguishable from each other ~ ».v. % &
» Robustness to various distortions ﬂ% T e W, B o,

A il

: : Fo T U i
» Possible research topics T aiyphwiki

» Character symbol generation with above conditions

<+«—— drawability loss
z— G D | «—— distinguishability loss ?
4_ R

o (If it is successful,) which conditions are more relevant?
»Can we generate the 27th [etter for English alphabet?



Q. How are character symbols waitten?

*» Handwriting is a special temporal pattern
* Physically-constrained by arm movement

* Mainly Markovian, but Non-Markovian movement
* e.g., writing a closed circle

e Invisible “pen-up” movement

* Possible research topics s e

covrands | aysesgy

* Refine kinematic models
- e.g., lognormal model by Prof. Plamondon

* Non-Markovian generative models
» Stroke-order recovery

Réjean Plamondon



Q. How are character symbols waitten?

* Possible research topics (cont’d)
»Can we learn anything from children’s scribble?

Scribble 1 = . a Dot Scribble 11 2.  Roving Enclosing Line

Scribble 2 | Single Vertical Line Scribble 12 AAMAM Zigzag or Waving Line

Scribble 3 e Single Horizontal Line Scribble 13 L Single l.oop Line

Scribble 4 \ /  Single Diagonal Line Scribble 14 = 24& -  Multiple Loop Line

Scribble 5 /~\  Single Circular Line Seribble 15 @ Spiral Line ‘

Scribblg 6 M .Multiple Vertical Line Scribble 16. @ Multiple Line Overlaid Circle
Scribble 7 = Multiple Horizontal Line  _ Scribble 17 @ Multiple Line Circumference Circle
Scribble 8 I \ Multiple Diagonal Line ~ Scribble 18 W Circular Spread Out

Scribble 9 ﬂ Multiple Circular Line Scribble 19 O Single Crossed Circle

Scribble 10 - /‘Q Roving opeix Line Scribble 20 (& Imperfect Circle

20 basic scribbles by [Rhoda Kellogg, Analyzing Children’s Art, National Press Books, 1969]



Q. Why/how do characters get their

robustness to various distortions?

» Character images are so robust to distortions!
*=They are "error-correcting codes”

.
‘1‘ ~ .
. - -
. .
Al
. ' . )
. e .
e
-~ - < LY
- . -
- -~ -
-
- -
n - N
- N +

[Ogawa+, IEICE1994]

* Possible research topics

* OCR challenge on distorted character images
* What kind of distortions will disturb OCR performance?

* Distortion removal by GAN or U-nets 2%

XI""-V/
4
&

.

—_—

* Especially, knowing its limitation is important



Q. Why/how do characters get their robustness to various distortions?

Characters can hide characters

Privacy sensitive
information

Make them unreadable

MOKVAMOK

=HéOXESHé
MOKVAMOK

HEOXESHS

[ —

OKVAMOKYV, KVAMOK
HEXESHOXESHEX E%HOX = HOXE
MOKVAMOKVAMOKVAMOKVA KVAMOKVA

HO&XESHEX XESHOXESHEOXE
OKVAMOKYV. QKV. KVAMOKVA
HOXESHOXESHOXESHEOXE XESHOXESHEOXE
OKVAMOKVAMOKVAMOKVAMOKYV. KVAMOKVA
SHOXEEHGXEEHOXEEHGXEEHOXEEHGXEEHOXE

OKVAMOKV. KVAMOKVAMOKVAMOKVAMOKVA
gHOXE HWXE%& HEeXE X QXE HéXE
OKVA OKVAMOKYV, GKVA

Huscorporahon keﬂn -pon”

» Possible research topic
» Automatic generation of the printing pattern to hide

characters (by GAN)



Q. Why/how do characters get their robustness to various distortions?

Characters can be recognized by their parts

» Part-wise recognition accuracy ~ 40%
» Majority-voting within a character ~ 95% (!)

[Uchida&Liwicki, ICFHR2010]

» Possible research topic

»Can we interpret or reorganize a CNN (esp. pooling and
softmax) as a part-based recognizer?



Q. Well, what is “"A"?

[ Hofstadter, Metamagical Themas, 1985]

»= Can we define the class of “A"?
»c Can we define a “class” ?
* A very crucial question of pattern recognition

X well-defined?

AAALAAR

s However, it seems almost AAAad A4
impossible to give a AFLAA Eéﬁ,

top-down definition of “A" @%ﬂ,\ Mrﬂ
ﬁ“@gﬂﬁ

No common
characteristics




Q. What is "A"?

[ Hofstadter, Metamagical Themas, 1985]

» Possible research topics

»Can we make a reasonable bottom-up definition of the
class “A" by collecting all "A" in the world

GHAALRAA
7 anaaas Wnpsman
AFIAARAA Z e . N A;:m'ﬁaaﬁ |
A |— ANz S\ W class
\ ARAARMRNA £ e ;:Q?gg: of “A"
) ANFTAAR % = BV
dea . Z8TAAR B Sitiait
of “A AAARARA Aristotle [BC384-BC322]

Plato [BC427-BC347]



Q. What is "A"?

[ Hofstadter, Metamagical Themas, 1985]

» Possible research topics (Cont’d)
* A simplified question: What is the standard "A"?

The font with maximum closeness centrality
[Uchida+, ICDAR2015]



Q. Well, why do we have various fonts?

» For text-based information transmission,
it is enough to have only one font

e AR
0, aA

=N

T DD P

—
’,
-w,
-

DD >D>DE D

p =
| ;

Y- >=h

e However, we have thousands of fonts... Why?
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Q. Why do we design various fonts?

Four possible reasons

» Struggles toward better legibility

* For providing special functions
» ex. Captcha, machine-readability

» Just by a passion for creativity

* hundreds of font designers in the world

» For giving special impressions
*Nonverbal information from font!

Creativity

Delicious

)

Delicious




Q. Why do we design various fonts?

Font and its impression

Each font gives a different impression




Q. Why do we design various fonts?

Font and its impression

» Actually, how do you choose one without drinking?

o WA, T
\ ; a ,‘ B e ™ 4 [
5 X » — 8
’ s » S
5y [\ ” N L
L A 4 o Lid] \
- x' £ O 2 ~ -
e X \ v ¥ . By = S 2 :
< —— ‘-,’ ) . 1
) - i -
“w9 0 | x
» »
5. LA

- - o
e .k oo

e
‘l\‘“nl_llk | Mi

....

jrsnchzhrs “Juice mix” (Frickr CreativeCommons, CC BY-ND 2.0)



Q. Why do we design various fonts?

Font and its impression

» Possible research topics

* Collecting fonts used in a specific case
 Ex. Fonts used in comic book title

* Font “feature” vs. impression
- Whole shape feature (balance, area, aspect ratio, texture, ...) vs. impression
* Local shape feature (Serif, stroke width, straightness, ...) vs. impression
* Color feature vs. impression

e Generating a font (or logo) that shows a specific impression

» A font recommendation system

Subjective analysis of
font impression has
been done from AD1923




Q. Why do we design various fonts?

Font and its impression — A personal trial (1/2)

on Bookcovers

Genre- [ -..I lll--lllllllll

#images genre-wise difference from the average usage
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Arts & Photography 6,460 | - [ . |5 | 4 |
Biographies & Memoirs 4,261 | - \ . Ar— B i
Business & Money 9,965 | - [ 4 Pl R e
: Calendars 2,636 | - | -
Children's Books 13,605 Y .
200 000 Christian Books & Bibles 9,139 - | | =
e Comics & Graphic Novels 3,026 . ]
bookcover |mages Computers & Technology 7,979 - = i i

Cookbooks, Food & Wine 8,802

Crafts, Hobbies & Home 9,934
Education & Teaching 1,664
Engineering & Transportation 2,672

. Gay & Lesbian 1,339 | - ] 4
Text detection Health, Fitness & Dieting 11,886 -4 | | ] -y T J
et History 6,807 | - . B
TeXt recogn |t|0n Humor & Entertainment 6,896 | - - 2
H H Law 7,314 | - <4 4
Tltle extraction Literature & Fiction 7,580 | 4 - [=] { . “:-'
1F1 I Medical Books 12,089 | - . - I Il
Font CIaSS|flcat|0n Mystery, Thriller & Suspense 1,998 | - - 3 —
\ ) Parenting & Relationships 2523 N B ‘ = C

Politics & Social Sciences 3,402 | ~ |

Reference 3,268 - | 4 i
Religion & Spirituality 7,559 | 4 - i
- Romance 4,291 | ~ T 4
Science & Math 9,276 | 4 - ]
Science Fiction & Fantasy 3,800 | - [ - i = T -
Self-Help 2,703 - 2
Sports & Outdoors 5,968 | - - 4

Teen & Young Adult 7,489 | - - -

Test Preparation 2,906 4 5 =h
Travel 18338 |4 | | - jj | | | |

[Shinahara+, ICDAR2019, To appéar]




Q. Why do we design various fonts?

Font and its impression — A personal trial (2/2)

on Online advertisement Font

DU v w

Color dasses @88 g
TLLLLL T3 o
S| 8 S EIE EE S S5 5 3335843 o
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| S =3 B=1 I B O O @ O O O S5 > =
| ool R Bl A = =3 S 2355

average frequency

~ |_Genre ] qenre-wise difference from the average usage
Business and Finance . -
Careers :
Content Channel ~'
Healthy Living 88 J
Style & Fashion ] | ‘
Video Gaming ] h | .

Personal Finance
[Shinahara+, ICDAR2019 To appear]




Q. Why do we design various fonts?

Correlation between font color
and word semantics seems also interestino

» Two-dimensional visualization of the correlation

RGB

Text
color

dog

Semantics

“OPEN"

[Karamatsu+

, unpublished]
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Scientific topic #2

Interaction between
text and object

Text as an object label




Two types of texts around us:

Message and Label

e Message e Label
* is texts for transmitting some * is texts for detailing the object or
information which is independent the place that the texts are
of the object or the place that the attached

text are attached

L s l8ading-hardwardr*made-in-china €o

m
RY MINT
PURIFYING
comnonlj\\

o
TN
N

- » .
for sale —

01480 403020
AT C0.ch P
| »
5

www.thomasmorris.cortik

www.insidehousing.co.uk



Q. How do label texts and objects

iInteract to each other?

» Possible research topics

» Can we utilize (label) texts for fine-grained object
recognition or scene classification?

Where Vxhat.
isit? S .Op 1S
) this?

[Frinken+ ICPR2014]

DJ SUBS Breakfast Starbucks Coffee Starbucks Coffee What kind of

advertisement?

What

building ’
is this? [Karaoglu+, IEEE TIP2016]

[Dey+, arXiv2019]



Q. How do label texts and objects

iInteract to each other?

* Possible research topics (cont’d)

*What kind of objects are detailed
by label texts?

- Bottle, bus, building, foods in the supermarket, ....

naturalsobsessed.blogspot.com

* A preliminary study on Open Images v4 (1.7 million images)

Object often with texts Popular co-occurrence of object and text
rank object rank object text
1 ambulance 1 car police
2 calculator 2 bus bus
3 scoreboard 3 man army
4 poster 4 bus school
5 scale 5 book one
6 ruler 6 book land
7 envelope 7 book new
8 fax 8 tree park
9 bus 9 person army
10 cream 10 book book  [Takeshita+, unpublished]




Q. How do label texts and objects

iInteract to each other?

* Possible research topics (cont’'d)
»Can we determine the area where a text details?

Surrounding case

jm3 on Flickr “exit” (Frickr CreativeCommons, CC BY-SA 2.0)

Distant case |

4 B -

s2art “One of Two #2” (Frickr CreativeCommons, CC BY-S




Q. How do label texts and objects

iInteract to each other?

* Possible research topics (cont’d)

*Can we realize more detailed image-captioning by
using scene texts?

_ ‘ “A street sign on a
| e, pole on a street.”

- standard image-captioning

MG T E L (w/o scene text info)

“A motel sign 1s on the
side of the road.”

detailed image-captioning
(with scene text info)

[Kawaguchi+, unpublished]



Q. How does label texts and objects

iInteract to each other?

* Possible research topics (cont’d)

» Can texts (or text lines) give hints to recover 3-D shape
of the object that they are attached?

Pannls
s *L A - |....‘

L S .
'\I.I\( \\"“-.'_

Iy 3
T Al | (uoll' \\'I|l 1 BO Lo thiee '
. S 1 |,¢, God, MYy jJoy 'dnd

" i (ill pralse You With
[ WO God, my God.

v are you downcy,
X/h;vll\- SO (ll\|lll"\c£‘
i o an €L,

\'|""
"t { will vyt pywrais

flat, but non-frontal surface curved surface



Q. How does label texts and objects

iInteract to each other?

* Possible research topics (cont’d)
e Finally, can we distinguish label texts from messages?

message

label
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Scientific topic #3

Interaction between
text and human




Q. What kind of messages

are we receiving from texts?

» Possible research topics
*Logging and analyzing texts what we read everyday

Type of message

Amount of message
log (entropy, #words...)

Individuality

texts what we read



Q. What kind of messages are we getting from texts?

A personal trial to visualize the message
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Q. What kind of messages are we getting from texts?

A personal trial to visualize the message
around us (2/2)

Tr|p toa V|Ilage University campus Clty center
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Different scenes give different histograms

[Ishida+, Unpublished]



Q. How is our life affected by text?

* It seems clear that our life is controlled by texts
around us... but how much?

. Are they
drinkable?

° i '.;. s 7 | e
;! 8 1 ol L.-:? ::‘ ;.{
3 i : BT ' ..i...-___“_ P P . 1 ‘ -
| > : 3 ;.‘E} { -
http://kaigai-matome.net/archives/35546295.html|

» Actually, | could arrive here by the help of a lot
of texts

Where is my
destination?




Q. How is our life affected by text?

* Possible research topics

» Compare our behavior
with or without texts
* Especially, label texts

[Nakamura+, “Scene text eraser” ICDAR2017]

o Alert and caution texts detection

* They are "“traffic signs”
for human-beings’ daily life

L FSLOW -No WAKE]

200 FT.
Jlut | OF FISHING PIER

~__ \\ X S XN U \ 8 |0
Tony Webster “Lake Victoria Water Access Signs” (Frickr CreativeCommons, CC BY 2.0)



Q. How is our life affected by text?

» Possible research topics (cont d)

» Evaluating “noisiness”
of scene texts

» Evaluating “visual saliency”
of scene texts

* How do characters visually
appeal themselves to us?

* When are texts really salient?
And why?

[Shahab, Shafait, Dengel, Uchida, DAS2012]



Q. How do handwritten patterns

represent writer’s personal conditions?

» Possible research topics
*How does the age affect handwritings? s
*How does the gender affect?

*How does the temper affect?
« = emotion estimation from speech
* Relax, stressful, confused, sleepy ...

*How does the disease affect?
- Parkinsonian, Alzheimer, Dysgraphia
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Scientific topic #4

Distribution of
character patterns

Nobody knows ...




Q. How are character patterns distributed?

* Nobody knows real distribution of patterns
* Gaussian ? Gaussian Mixture? Really!?

» Or another distribution like "void structure of the universe”?

=l AARA.
i g&ﬁ}lﬁﬁﬂ R

DB D
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>
>
>
>
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T e

> >D>W/
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©Duda-Hart-Stork

» Anyway, knowing the real distribution is crucial for DAR!

» Since character images can be tiny, the dimensionality of
distribution space is smaller than other images



Q. How are character patterns distributed?

Of course, traditional non-
parametric data analysis
techniques, such as network

* Possible research topics cralysis, ave oo usetul

* Applying “topological data analysis (TDA)"
to a large character image samples
- e.g., "Persistence” analysis

el
- s
. . , . .
5 5 It is similar to apply
. : : “dilation" operation
: : to a point cloud

point

Betti number=0

patch @

Betti number=1 ! |- -

H : : ' — | S
torus o ’ | i : | g
Betti number=2 o

R. Ghrist, “Barcodes: The persistent topology of data,” Bulletin-American Mathematical Society 45, 1-15 (2008).




Q. Where is the border

between character and non-character?
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Q. Where is the border

between character and non-character?

* Possible research topics

*Explore the border between character and non-
character
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Scientific topic #5

Relationship to
semantic analysis




Characters (word and sentence) are

not just Image patterns

*They represent a specific meaning (semantics)

Not just three letters
IIDII+IIOII+IIGII

It means
l

Mike “beware of dog” (Frickr CreativeCommons, CC BY-SA 2.0)




We can represent the meaning as a vector

by “word-embedding” techniques

vector

“beware” —— v,
'/ Of" | vz

lldogll > V3

—
similar
" " J
not so
different
1 Cat n ' VS J

very
different

u " I V6 -

car



Q. Can we combine CV/PR and NLP by DAR?

» Possible research topics

* Relating visual object and scene text by sharing vector
representation
« ->maybe useful for few-shot / zero-shot learning

Visual object
recognition

word word
embedding embedding

> " V/ < lldogll ¢

scene class name
text (as a text)

relating



Q. Can we help NLP by DAR?

* Possible research topics

* Enhanced word-embedding
* Do font shape or color enhance the difference of antonyms?

the meaning of

The color will make
"hot” more hot

SonnyandSandy “Hot and Cold in St. Clair, Missouri” (Frickr CreativeCommons, CC BY-BY-NC-ND 2.0)
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Conclusion




Conclusion: Let's have a wider view

about DAR
*We can play with the of
characters and texts by the SOTA OCR methods!
Modality1: | Modality2: : Modality 3: . Modality 4:
Generation @ Shape Linguistic 5
e = i (. )
( ! ( N
handwri e scene
ting . || reading context
> character = | (recog- semantics <
. Image i nition) non-
design AN verbal

speech
(sound)




Scientific research is useless?

Scientific Engineering
research research



The last messaqge...

DEAR YOUNG RESEARCHERS,
PLEASE GO BEYOND 100%

)

... and please do NOT become an accuracist,
parameter-tuner, and libraholic!




