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Fig. 1: DeepGestalt: high-level flow and network architecture.
From: Identifying facial phenotypes of genetic disorders using deep learning
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Yaron G. et al., “Identifying facial phenotypes of genetic disorders using deep learning”, Nature Medicine 25, 60-64 (2019))
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DNN precicied fabel A. Y. Hannun et al., Nature Medicine, 25, 65-69 (2019)
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The NEW ENGLAND JOURNAL of MEDICINE

“ ORIGINAL ARTICLE ”

Large-Scale Assessment of a Smartwatch
to Identify Atrial Fibrillation

Marco V. Perez, M.D., Kenneth W. Mahaffey, M.D., Haley Hedlin, Ph.D.,
John S. Rumsfeld, M.D., Ph.D., Ariadna Garcia, M.S., Todd Ferris, M.D.,
Vidhya Balasubramanian, M.S., Andrea M. Russo, M.D., Amol Rajmane, M.D.,
Lauren Cheung, M.D., Grace Hung, M.S., Justin Lee, M.P.H., Peter Kowey, M.D.,
Nisha Talati, M.B.A., Divya Nag, Santosh E. Gummidipundi, M.S.,

Alexis Beatty, M.D., M.A.S., Mellanie True Hills, B.S., Sumbul Desai, M.D.,
Christopher B. Granger, M.D., Manisha Desai, Ph.D., and
Mintu P. Turakhia, M.D., M.A.S., for the Apple Heart Study Investigators*
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\, U-Net Glioblastoma Segmentation

Instance segmentation - Phase contrast microscopy

h U-Net HeLa Segmentation

Instance segmentation - DIC microscopy

Jodo Luis Soares Lopes, Glioblastoma cell segmentation with U-
Net, Biomedical Imaging Group, EPFL

© Mors formain
& U-Net Glioblastoma Segmentation

Jodo Luis Soares Lopes, Hela cell segmentation with U-Net,
Blomedical Imaging Group, EPFL.

© More Information
& U-Net HeLa Segmentation
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https://deepimagej.github.io/deepimagej/index.html
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Speech2face
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Speech2face
_
True face  Face reconstructed True face Face reconstructed
(for reference) from speech (for reference) from speech

https://arxiv.org/abs/1905.09773
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https://arxiv.org/abs/1703.10593
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Masson’s trichrome PAS

Histochemically stained H&E Stain-transformed Jones
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Nature Communications, 12(1), 4884 (2021) 38
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K. Zhang et al., arXiv:1608.03981
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AN DEREHETE (Open pose)

Real-time Multi-Person 2D Pose Estimation
Using Part Affinity Fields

Zhe Cao, Tomas Simon, Shih-En Wei, Yaser Sheikh
Carnegie Mellon University
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DeepLabCut : 18
a software package for 8
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REVIEW ARTICLE namre . .
https://doi.org/10.1038/s41551-022-00914-1 blOfnC d lcal engineering

M) Check for updates.

Self-supervised learning in medicine and
healthcare

Rayan Krishnan ©", Pranav Rajpurkar ©24>2 and Eric J. Topol ©3# Nat Biomed Eng. 2022 Dec;6(12):1346-1352.

P EOEEICAORFEICIEIZ L DFE. EEFMARICLEZT—420
FHT7/ T av(ERBEIRMNIBRE, BICERT —XIZHLL,

Bo%EH Y FETIETINLELT— X TCEAEBNFEE TS EHAEE,
MmageNetT — Z IZ L 2EFHEBS>EBFE] LY LEWEENRETE S,

50

AN L HAODORER: BEDH V) ERSBMOES

HAY HEhT — &
5
007 )| %4 |o
_>
09 | =) |1
0.03 0

F(X, W)
BRAGEREAVWTHRYRLFEB TSI ETREORY MILIZIED L,
KDOTERT%, BDIEFRINY, HDOHER3I% L BIRT 5,

Deep learning I B F(X, W)= FE L TW 5,

51

e 7
B&A DX sy BT — &
" * g
- > loot|  oluls
ImageNet FIX, W) 000 o Lo

(14005 L D EIR)

ImageNet’s Y ERBR I NIUAET—&ty b2FEIHE
TRLWEAWEFE I3,

52




BEHYR2BICOWT, SIMCLRETLZHFIICLT

HAY HENT — &
X B
0.81 1 0
..'>
- 0.01 0lor |1
ImaeNet F(X, Wy) 0.00 0 0
(14007 K DEIfR)
HAyY HEhT — &
RN
0.79 1 0
..';
e [0.21] [o} or |1

F(X, W,)

Zotk, FHLOT — (LR CRFBER)ZFEIE S L.,
DRNTRUGET -2 THLRVWBENE 2, FEREADECTED,

53

Original Augmented Pre- MLP
image copy activation output
output
(2]
z
z
[e)
z
z
(2]
z
=
[}
=
z

Pull representations Push representations
apart

closer

v~ N v~ Ny N

Machine Learning with Applications, 7, 100198 (2022)

BOHMbH Y FE + BabY)FE

BOHabH Y FE + BadH ) FE

%

BOHEH ) FEBICL > TRBICAWS T -2 THFEL.
RVWEAWER 2,

55

HY BT — 4
B R

o [

BOHEIH ) FBICL > TERBICAWSE T —XTEE L.
RBRWEAWEF 3,

ZINHLILICALT—22AVWTHEH Y FEZT 5 LT,
INEFTILBVWESBELT — 29z ZRAH,
FNMMTET =2 PETHLRBEILE S,

Bk, BLFCRXYNNIEORY., BEFHILT(TFR L), SHEMNT S
TITITINTNARDT =275 E, BRIICT NILFIFENTLA WL
FT—Xty bHRKETHY., BEHEDH Y EZBONENEFIND,

56




BRICHEMWZR T — 22 FE 77 ILFE—XILA
Bo#HEH Y =8

57

CLIP (Contrastive Language-lmage Pretraining)
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Subject: Request for Information
Dear [Recipient],

| hope this email finds you well. | am writing to inquire about obtaining some information
regarding [topic]. | would greatly appreciate it if you could provide me with any relevant

materials or documents that you have available.

| would also like to know if there are any specific procedures or requirements that | need to

follow in order to access the information. Please let me know if there is any fee associated

with obtaining the materials, and | will make sure to arrange payment accordingly.

Thank you in advance for your time and assistance. | look forward to hearing from you soon.
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Osamu Akiyama, a medical doctor at Osaka University
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