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Multiple leaves image

We've already got this part

Single leaf input
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“Deep”’ Content-based image retrieval (CBIR)
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Input MRI image (approx. 5-16M dim) 1A r ﬁcﬁ i&é’—é:(?ﬂzéﬂi kxi’%ﬁd)%’%

encoder

decoder

Reconstructed MRI image
(approx. 5-16M dim)
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3D-variational autoencoders (3D-VAE)&EREEFEZ L /-
Input MRI image (approx. 5-16M dim) 18 rﬁ¢#ﬁ€$<*ﬂié1&mi§§ﬁ@a§
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CUB-200-2011 68.8%
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(IEEE AIPR2018)

SHIZHBRITT,. XEDERENFTEEFERIA.
XEMNSH A FE Tend-to-end TFTOIETILD R F

Character encoder character-level convolutional neural network (CE-CLCNN)
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Character Encoder
(CNN) Method Accuracy [%]
= e CE-CLCNN +RE + WT 58.4
| | | :l CE-CLCNN + RE 580
Wildcard training & CE-CLCNN + WT 55.3
! CE-CLCNN 54 4
|| e B '
_ N —— o - CLCNN + WT [Simada+ 2016] 54 7
Document Classifier SO it [ 36.2
(CLCNN) VISUAL model [Liu+ 2017] 47 8
LOOKUP model [Liu+ 2017] 49 1
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gradient : 73%Eze. FPRISZDFEDERDREZ RO I BWEEDKES

CHLAKENE, BE TN, EEEEILNTES
BDLAL. chblZLIELIEESERE RS
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BELOXEH -HE - XFIXENLGTONEKRDLHF—ILGFEIT?
Attention IAAVT DIRZE
attention&gradientH Ll B L5112
attentionMFEF 12, B (FREACTWEMEL) L/ A XFMATEE
SST IMDB 20News AGNews
Fl1|%] Corr. Fl1|[%] Corr. Fl|[%] Corr. Fl[%] Corr.

Baseline (Jain and Wallace, 2019)  79.77 0.852 8785 0.788 9444 0.891 9552 0.822
Word AdvT (Miyato et al., 2016) 79.60  0.647 89.65 0.838 9556 0892 9587 0.813

Model

Word 1AdvT (Sato et al., 2018) 7957 0.643 8967 0.839 9554 0893 9584 0.809
Attention AdvT (Ours) 79.53  0.852 8986 0819 9563 0868 9506 0.835
Attention 1AdvT (Qurs) 82.20 0.876 90.21 0.861 95.87 0.897 9577 0.891

attention&gradientMN S <HEBET S L%,
BRRIGARY TRIBIZFEER L



o ” (AACL2020)
XFEAD [fEIRA]EEZ] data augmentation (55 —4so gt m)

FREIRATREE A THIRERMTIXETEEE (BEZE53H50H7?)
- BAREBNIE(ZH VT, data augmentation(FEKRDZENLETHLLY

— Glyph-aware interpretable character embedding (GICE)DiRZE
-XEROXFrEBELTHEL
BXFRBEDERTREL, ERSAICHSIKLSICVAE*TEE
N %K%’ET’OT’lO«XE@IEiE \?E'Ci\:ziﬁ, * Variational auto-encoder
-ZDERTERBIE. XFDMFIRI2KY JIZxE I,
NZEEILSEHIETHERMEDHSHdata augmentation|

a

T \E Nard INzzd IS ~ » i

-~ gt EY ' B9 —

[ e e EEEEREE

Classification model wildcard training (IWT)

a2 BEEEBEEEEEEE
MA..EJ\.f.DdJ EEP) A(“) ELELELEEIEEVEDE

S A — BEDRTOEEELE LI LETHOXEREIS

S
Ny

/ Variational character\ Accuracy [%]
encoder (VCE)
L + CLCNN  Vanilla +WT + IWT (Ours)
interpretable character
embedding (GICE)
.. ... VCE(Ours) 81.27 83.11 84.00
Character-image
feeder CAE 78.32 83.27 81.97

was s, RREEEEL>D. XEHAIEELHEL !



5

1Ll

EREFHE, KAREHONROBECIOIXFRIBICLHNENE

X FDRAKFEZEF| B LT - (image-based)E R TS
OFEFT—RIHWLWXFELIFEEE
O'fF” “&" 88" “C{UlE PUBKROEFITHELI-RITESATHE
% K"K PUTLED, EERNELDIXF, o 2 1
% B R BRITLITODHDBIRIEIXESHY, = g;ﬁgff

— XFHZREZEL- script-aware embedding (SAE)DIZE

visual feature & context featureMHO>FEWHAEHE T, KYTHEMZLE
XEBITETIVEREETS

.. ‘@ EAER RS ARARZ
Visual feature
®_

Accuracy T MSE | R? ¢

ooo
p— <um . lciokup only ((?limzﬁrfl) 0926  0.729 0.636
Ct : o visual only (dim=64) 0928 0.653 0.674
Ct+1 0060 o concatenate (dim=64) 0932  0.627 0.687
Ci12 (000 8 concatenate (dim=128) 0.933 0.618 0.691
(ours) SAE (dim=64) 0.933  0.626 0.687

/'/

NRWGEREICEY  ERXRTRBTHYLGHNoENNNE S FEAEEDEIE



(ACL-SW2020)

HRATHOTDREZE (+ XFEHEAL)
7IETREICHT HRFEEHASFENE

. FSETHEL. 26N ETESND, 5B H(CASy— S E

-|E_|L‘;}'C$"C5:E,~ ﬁ'[%‘bﬁﬁ . 400)ﬁ27§§%éo Characters | Alone | Beginming | Middle | Ending

-BARFEDLOIC, BEEDEIABHTHLL —
- CNETAHEBASBNERMNGESA TV LY [ o=

AraDIC: Arabic document classification using image-based character embedding

BFEXFZERELTHRL. end-t0-end TXE R ENTASFLLV A DIRE

gt e Sl O ) el de e Jpi Ul Sl

Charactar images - N . - F n
Character ancader | CNN | onw | | o | [ow | [ow | [ow | Arabic Wklpﬂdla Title | Arabic Poetry (AraP)
| | ] I I I Embedding | Classifier Iﬁwﬂ Dataset Dataset
e mm
ambeddin
= l | j l Ulll!lmm 45 47 26..60 5250 34.83
] N N ( Am\re:: 4502 2505 69 28 41.95
lilaiﬁrﬁef . BiGRU #—+ o o +—*| BIGRU ©—f BIGRU H— BIGRU u—{mm t— BGRU One_hot
% stacked \ J \ k 4276 18.71 68.24 37.72
badirectional o o 1 o o o
GRU and a
fully ¢ v v 47 47 26.85 74.56 4561
connached " O R L N
layer BIGRU [-—b 0 04—+ BIGRU | BIGRU |, | mGRU p—5 BIGRU [—3 BIGRU 49 49 30 55 7403 48 65

5571 39.04 78.93 59.88

| [,,'f:ig"ﬂ’m] 5776 4454 7953 65.00

EEDFELYRERICRIFERESRI !



Image captioningfx & FALI-REEANE~DIIE
= B FER (Z) [2OWTIE,

RS DY BRIy (RIS R TESN,

:I: ™ EEOEE TIE, EVRT . REZYMHARITTINS
1 HEBYLHRBANXOERMNRELEDEZLY,
iy ,

SFERLLH: [FoZFYLTLVS

DFELWDGEWELARYT A RYDRIBLGETE

A large bus sitting next to a very tall

The man at bat readies to swing at the
building.

pitch while the umpire looks on.

CIDEr 0.0 CIDEr 10.0
correct: correct:
a calendar shows the month of october a person wearing a black shirt is standing

with an image of a location. near a bus station.

predict:
person is sitting in a vehicle with a chair

predict:
erson i
in front of a vehicle

a computer monitor with a screen
on iton a table

Ao Btttk OLTZBERISOVNTIE, MABROXEELTDELS
. A ik PN i CHVR &K

e e SR oaption™s pLATAIRE

RELT AT BEBHVEZIEDIHD

BRI v TS A AT 3 < ht=captions B D=5 D REHIFRR




BHLAVER < vl gE%L . Malware?

RHICDIFT

\Z

— TEET, ZHMEHY

REFC=HETILDIR

L IFOmalwaretg B Fi&(F. TV Ry I XTHY
T—RYRADBEBFED-HRE-BOAEEIFL

i

TG i S —
RS % BT 2K 9%
5 T e BARTT
opm TS r i i BTE v ] BTE rin J ~ ‘ N
; Te Iy Tegy 7T [Py TURROBE]
Ared— i 3DRTT mov ebp,esp
7|—/\15:/|\“ o W 0= ~ w
ANRI—R | ARSUR ?ﬁ/;d:j@]_‘[’lg Zrz\éliﬁ{; I~
16R7T  16307T + =

BEEL 7 —3TIFvIZLBEnd-to-endFEIZ&LY
ECDE D IZmalwareDaA—FMNEFENEIHIDIRTHIEIFTES



H
- (ArXiv2018)

22/ =X EREDEVEENA) BEFZEVAT L

Eﬁﬂﬁéﬁbﬁx@]f:
ZEIDEEL VA / —T 2 iR
(’:EEFHO) SHTFEE : 75-84%FR[E)

Student
SE-ResNet

Random flip

nd fg
el
verage Final
rediction prediction

Apply some data
augmentations

EMFEE CTRERD
-SE-ResNet101 (101ZCNN)Z~X—X|[Z
Mean Teachers (3 EmHYFEE)
Body hair augmentation (IEE!)
riRE,

ISIC2018 ompetito DA T —F Y (7class #190004E)
— 90.6% M ZETFEEETR (SE-ResNet101MD & D5 E+4.1%)




A (IEEE BigData2019)
“ERBATEST AS/—YHEZEHIUAT LA
-BEIZEIET VIRV I RA—FER DIEMMABRLLY
LHL. FDEHOHENT—2IEaRXMNEL. FLFLETEHLALN
SRR TOEMDEEMRZEESHICEOROT7DIRT (FRBATTHEM)

—{R A BT B & (VAT virtual adversarial training) IC& 5 F ZETHYFEE DE A
SEIRFIZFELILI=2RX9F /9 MLT: multi-task learning| Z& A FgE A £

___________________

7-point checklist

: - e T Major Criteria
1 ! . . . ; . .
xil 256 | wn | #57 —im E E VAT : Semi-Supervised Learning i S1. Atypical pigment network
A — FRMMEET—2 | | " X+ Tyady gy xU: I;a:e:e: po.in: ! S2. Blue-whitish veil
" > 51 : | s Unlabeled poini \ .
- | ResNet-101 o | : S3. Atypical vascular pattern
ImageNet % & & 7-point chée::klist,)1 ' Minor Criteria
SRNNAFET—45 1, O-
- - AARET Ly A S4. Irregular streaks
ARADE-WE ! E_ ________________j : %\O %\; i ° SS5. Irregular pigmentation
| o o S6. Irregular dots/globules
LDS : Minimize LDS ! -
___________________ r__________________' S7. Regression structures
Diagnosis performance * \NF~ #& E = A 1 % = 9 -_ —
o B TOIENHBERSANILFET—RIZMA T
Sensitivity ~ Specificity ATIC £ —_ o PN PN
~
(%] (%] 9(0)7’\)I/7Ld~bs 11"_:'.7’\“/1#%0)7_ 9%
[ —] 1= — — - >
1) Baseline 59.6 828 0712 FERICIMASZLET.
2)  +VAT 63.6 92.3 0.780 éﬁk *E?L ;]:El — =0 b *EE ,"—-u- I-’-J
n /:IIIIJ H-O) 7N n?li:ﬁ B/ |H J:
3)  +VAT +MTL 72.7 84.6 0.787

Dermatologists

(eold standarc) 76.0 80.3 0.781 r E‘ﬁ, H ﬂ EJ- ﬁlé 'HE J r {J/\ % 7—_“_ 9 ' - J: é $ %I J




" (IEEE IECBES2020)
/1 Best Paper Award

DIFWNEE AEBREEPT !

fRR CEELGAS/—VEZHFETHD BRER+AZVER

Atypical pigment network5#8EHE 9 HEE D “E /"
AK=EDBREBEERLT. ZIIHEBZERE T 5,

4 : L
Pseudo-nevus - ‘ S g
(nevusG) h i of
}; », e 4 . - g
r N ] r -
> 4 N 4 =
. " “ v .
5

APN nevusG

A A " . I

ERLI-EGEEEIZEMT LT,
BFHEE THAEBEDOBREERER L (AUC+20%)




" A (IEEE BigData2019)
RZ(CX DB EXREBRZEZAWN-ENABEZIY AT LA

-BHAAUIL.3BEHICEEENZ(HATISAAIE BT
-NAFREICKSEREILFN5% A, BHESNS
XIRRBIIBHE, F-ELZENEHLUN(85%) - BEIEZMAEENSD

RZ CRLLND B EHXRERZEZRRELIZ-ENAZHI AT L

o —>NADEMLZE BEEE
REFEORELBHRHDIX B
Stochastic gastric image augmentation (sGAIA) DIEZE

% recall=92.3% @ preCiSiOn:32-4% Em?’
A E@msusLsABLEGE5%)

i &
3DDIHDRDIEHA ELTRH

A |

|

-SE-{EaXk
SR ELBFLEIZIERIZTh R/




" (AIHA-ICPR2020)

EEHD=HD ﬂﬁﬁ%d)dehazet% %r"ﬂﬂ: (tﬁﬂ%)

p
' '7; A

150

183 333

Original Input / CycleGAN / proposed / High Quallty (as reference)

. . CycleGAN (proposed)
Original LQ generated |MIINet generated HQ
MDOS| 2.36+0.54 | 3.83+0.62 4.11+0.50 4.76+0.20

REFEF, TOMIK, BEEFEL.
SEtANCILE e 3




—a (International Confer

J_Online'C‘w’E)ﬁv(‘f

>

|IEEE AIPR 2018
(Washington D.C, USA 2018/10)

IEEE EMBC 2018,
(Hawaii, USA: 2018/7)

IEEE CSPA2018, o W :
(Penang, Malaysia: 2018/ 3) ACM SIGKDD 2019, (1*-tier conference) |EEE BigData 2019,

Best paper award! (Anchorage, USA 2019/8) (Los Angeles, USA: 2019/12)



|

EEDSE

Best Paper Award

“Bulk Production Augmentation Towards Explainable Melanoma Diagnosis”
K.Obi, Q.H.Cap, N.Umegaki-Arao, M.Tanaka, and Hi.lyatomi

IEEE EMBC Conferences on Biomedical Engineering and Science 2020
(IEEE IECBES2020) 2021438

SHEEME (x3)

2B DEBREREERLEZRYDH 5T —2 v Ixtd H5E KM Tdata augmentation”

T 5. BIUBER. FEEZ.RBE =

-“EERIC %E?éfﬂ_%fﬁﬁaiﬂ SHTEBEDIRE"
AKX, BIER., FEBZ.BE =

-“Patch-wise 2E#AL =V ET—2I2&L50 MRI E{& 0 EBiEE"
SHEF.BE -. KGE—

EHRANEFS 20205F3A

REE

CERIRMER EDO-ODEEHELBXAERIC T AEEERLXDEAN
tEREE. HE Z

YANS2019 201948AH

ER x2

CIRIMRIEHEICE T 23R A — I a—4 — (2 &2 EEREOPRREBEORE"
BEER, BLUEES, FHHEAN XL, BE k’E{L—

- TR S BRSBTS IE D =8 MDbody hair augmentation”
tREE. HE Z

IEERUIEF S 201943H

Best Paper Award

“An end-to-end practical plant disease diagnosis system for wide-angle cucumber images”

Q. H. Cap, K. Suwa, E. Fujita, S. Kagiwada, H. Uga and H. lyatomi
2018 International Symposium on Computational Intelligence and Application
(ISCIA2018) 20184 7H

Best Paper Award

“Web Application Firewall using Character-level Convolutional Neural Network”
Michiaki Ito and Hitoshi lyatomi

14th IEEE International Colloquium on Signal Processing and its Application
(IEEE CSPA2018) 2018%3A8

$i ISCIA 2018 S54%

BEST PAPER AWARD
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'F
=L EEIR

II.I.IJ

R EAN+ABEY—/NIL—LTE

GPUs Quadro RTX6000 (48GB) x 8
GeForce RTX3090 (24GB) X 16
RTX2080Ti(12GB) x40

GTX1080Ti (11GB) x 10

nVidia Tesla P100, RTX Titan
MEERNIZIE/AN LEOFTER<IY

Xeon 24cores x3, Xeon 28cores x4
with 1TB, 512GB, 256GB RAM

60TB 7.2Krpm RAID-6 Disk array
(upto 144TB)

(2021 FEEd|(Z
RTX6000, RTX3090%2080Ti&aHaLE A)




"
i RE D XS B TEE)

IR RETOXSIEIRR (2021/3H 1)
RERX 50 (SH:RIXEE34E)

Ef=EmX 7914

ERNAES f&tf@%i‘% 1404+
IRFE DI EBAFTE E: project
-EMKEE ZFETOCIN TAIZFFRALEREERZHEMTORF ] (ER29FE ~ FHK334E)
-NEF BEEREWMEHRARZEEILRT OS5 LPRISM (ERK314E ~ F334E)
-ZREEEINMNSDFMAHE

CNFETHEIZ
B &6, IST(RIE R MTiREHEE) O EBR6E. DENSDZIE-FHAHHE
H BT

-Johns Hopkins University, Radiological Science, US

RAXFERKEZEZ REMFHE

RBRFEFR MEREFHRE
BEREMBEMREEVY— (B8C H2UANROEXRHES)
ERFFEEN RS

— iR xR
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Welcome! T lEETHRELINTT !

AT NI EEICANTORERNETS,

=

A MXO-TOABS 1 | EMFIRASIERS>TILVA A
E*E EZODT*&)O) *z’i’é?éb&bék

ﬁﬁﬁesos(ﬁﬁ%E) ﬁﬁ"a‘604(w¢&o"+)
http://iyaomi-lab.info



