Recent advances in Al
for healthcare
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Recent Advances in Al for Healthcare
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e Transformer, Vision Transformer

e Contrastive learning
e Self-Supervised learning

e Fondation model
Jong Chul Ye, "Geometry of Deep Learnig: A Signal Processing Perspective”, Springer, 2022
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At last — a computer program that
can beat a champion Go player matse

1 Deep Learning for Diabetic Retinopathy
(By Google Brain)

8| Messidor-2: AUC, 99.0%; 95% (1, 98.6%-99.5%

JAMA | Original Investigation | INNOVATIONS IN HEALTH CARE DELIVERY e
Development and Validation of a Deep Learning Algorithm
for Detection of Diabetic Retinopathy

in Retinal Fundus Photographs

80+

Varun Guishan, PhD; Lity Peng, MD, PhD; Marc Coram, PhD; Martin C. Stumpe, PhD; Derek Wu, BS; Arunachalam Narayanaswamy, PhD; §
Subhashini Venugopalan, MS; Kasumi Widner, MS; Tom Madams, MEng; Jorge Cuadros, OD, PhD; Ramasamy Kim, OD, DNB; g
RajivRaman, MS, DNB; Philip C. Nelson, BS; Jessica L. Mega, MD, MPH; Dale R. Webster, PhD
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1 Skin Cancer Detection by Deep Learning

+ Stanford Univ. Deep CNN(GoogleNet Inception v3)

““;‘””T e ool Test set: Dermatologist Comparison (376 images)
o Melznacytic benign

. } * Melanccytic malignant
i

l“ &

Carcinoma: 135 images Melanoma: 130 images

Squamous cell carcinomas
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Esteva et al. Nature, 2017
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Innovation Center

* Radiologist-selected abdominal CT patient
cases (10 training, 20 testing) with noise
nserted to simulate lower dose aoquisitions

* Projection data converted into an open
format (user manual and reading tools
provided)

= Apr 2016: Participants submit
reconstructed images or denoised
images to AAPM website

- Jun2016: Images read by
radiologists at the host site

= Aug 2016: Winners announced
at AAPM Annual Meeting

Www.aapm.org/




Q The End of Radiology? 20163 1E

“We should stop training radiologists now, it's

just completely obvious within five years deep
learning IS going to do better than radiologists.

'If you work as a radiologist, you are like Wile
E. Coyote in the cartoon; you're already over
the edge of the cliff, but you haven't looked
down.’

m(iiolog)f:
Artificial Intelligence

nature
machine
inelligence

E R IEEE TRANSACTIONS ON
»

3 ey - F l]‘ o
Spacding up Medical Imaging
blood flow scan:
# Impoct Foctor: 10,048

We publish manuscripts on imaging of body structure,
morphology and function, including cell and mobeculor
imaging and oll forms of microscopy.




Al IN HEALTHCARE INNOVATION LANDSCAPE 2828
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d Al role in healthcare

Clinical assessment:

« vitals, history, interview € EMR/EHR analysis by Al

Making a diagnosis

* Al driven analysis of lab tests, imaging, bio-signals

Treatment plan

Prescribe medication

Making a prognosis

Making referrals for advanced treatment

Surgical procedure




d Other Al’s roles in healthcare

* Workflow improvements
* Image enhancements
* Segmentation
* Registration
* Quantification
* Retrievals

* Drug discovery

(] Classical vs Modern Al

Classical Al
®-
Image inputs |
- &y
N e
Temporal inputs

Feature

!‘ _, Engineering
Multimodal

Modern Deep Learning
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Esteva et al, Nature Medicine, (2019)




0 Technical Challenges in Al for Healthcare

* Limited data

* Qverfitting - Vision Transformer

Cost of labeling - self-supervised learning

No paired reference - generative models

Data privacy - federated learning

Multi-modal data . Vision-language pretraing

CNN, ViT




J VGGNet:aCNN

224x224x3 224x224x64

112x[112%x 128

X 56 x 256

2828 x 512 TXTX512
14x14x 512

-------------------------------------

..................................

@ convolution+ReLU
@ max pooling
| fully connected+ReLU

@ softmax

J Convolution

y — h * m Sourgepixel

.. Convolution kernel

~

7S~ (emboss) New pixel value

3x3 filter

ylm,n] = ) hlp,qlzfm—p,n—q

pg=-1




d Pooling Layer

224x224x64
112x112x64 Single depth slice
pool ,
e — X 11112 4 max pooling 68
56 (7|8 3|4
312110
l ‘ average pooling 3. |5
224 S downsampling 2|2
112 .
224 y
d Nonlinearity
Sigmoid tanh Maxout
1 r 1 . 10 ’
05 of \/
10 0 10 o 0 10 P —
o(r)m s tanh(x) max(w] x + by, wax +b,)
RelU Leaky ReLU Exponential Linear Unit
‘ 5
% 0 10 10 0 10 .-10 0 10
: 20
max(0, x) max(0.1x, x) [at -1, ’x o




d Nonlinearity is the Key for Learning!

\
\
\\ \
\ | .
)
\\ 1 —
\ \
\ ‘
Y -=" \ S
\_ A’\’” “ > ‘ A“——

A CNN performs automatic assignment of
distinct linear representation depending on

Deep neural

networks learn
hierarchical feature [SHE
representations

http://klab.smpp.northwestern.edu/wiki/images/4/43/NTM2.pdf 20
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(] Hiearchical Features in VGGNet

Resolution

d Information
Processing in Brain

Latency (ms)

80-100

Extastriae Conee ucendary comed
areds communicated 1o & from striatal
corten V1= pemary ecestive areas) —
5 9 N CN TGN
m ‘y\»-.‘/,‘ ‘\/, /l l.l -/,,‘ |\\\.‘) '\.-/. ",l er
-\ ,”‘\’ T\ /;:?‘ S (\/( 5 e "—“\\.“
[ @000 =000 =0 -+
43 60-80 \ /
14 50-10 "
1 40-60

Poggio et al NATURE|VOL 431 | 14 OCTOBER 2004 2
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d “The Jennifer Anniston Cell”

Selective response to Jennifer Aniston pictures

32 29 5 4 1 30 28 g2 "
Ox B W AR B ™4 E

_.LJ L] ..... L,a ..~lu ,...Lu L N . Wi bt

Neuron 1
“likes”
Jennifer Aniston

Quiroga etal,, 2005, Nature

23

dLimitation of CNN

 Qverfitting: Especially critical in medical imaging

N _ Example
Underfitting Qverfitting

Loss function

Validation error

Training error

Number of iterations

Yamashita et al. Insights imaging (2018)
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d Transformer:; Attention is All You Need

e
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d Transformer Architecture

‘ { | Add & Normalize ]
| f f

[ Feed Forward ] [ Feed Forward J

f $
| |
e II?II 2 Ilfll

-
LayerNorm | + )
} }

4 4
{ Self-Attention ]
4 3
4 4

Positional

5 ®

« BEEE o | | ||
Thinking Machine
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d VIT: Vision Transformer
: Farewell to convolution

* First successful approach to introduce pure Transformer to vision.

Vision Transformer (ViT) Transformer Encoder

I
AN o
] e :
|
Transformer Encoder l :
|
x-S 00000Lony | | (RE
FcFi’:ifcemﬂgmg [ Linear Projection of Flattened Patches | ' _D‘
11 T I N N N 0 T A
e —OEEHENEEE
WEE | Embedded
| Patches

A Dosovitskiy, “an image worth 16 x 16 words for image recognition at scale”

0 Why ViT works better than CNN?

ViT can model long-range dependency between pixels.

ViT has more flat loss landscape than CNN (less overfitting).

ViT is less vulnerable to high frequency noise than CNN.

* ViT is more shape-biased than CNN, like human (what we want!).

Loss landscape visualization Robustness to noisy frequency

5.0 —#— ResNet
ResNet - VT

-1.5

-10.0

-12.5

A Accuracy (%)

-15.0

01n 03r 057 0.7m 05n
Noise frequency

Park et al, ICLR (2022)
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Self-Supervised Learning

d Limitation of Supervised Learning in Medical Al

Multiphase Cardiac CT Metal artifact removal

Phase 1 Phase 3

Blind deconvolution

(Bt Mossrwmet BJANOSO0 ()Sgeveedieamng ) Commmons yGAN o] Proposed CrceAN




d Yann LeCun’s Cake Analogy

@ "Pure” Reinforcement Learning (cherry)

» The machine predicts a scalar
reward given once in a while.

> A few bits for some samples

# Supervised Learning (icing)

» The machine predicts a category
or a few numbers for each input

¥ Predicting human-supplied data
» 10-10,000 bits per sample

# Unsupervised/Predictive Learning (cake)

» The machine predicts any part of
its input for any observed part.

» Predicts future frames in videos
» Millions of bits per sample

# (Yes, I know, this picture is slightly offensive to RL folks. But I'll make it up)

Slide courtesy of Yann LeCun’s ICIP 2019 talk

d Contrastive Learning

Negative d77'r1§§§>
Anchor LEARNING
Negative
Anchor

Positive Positive

-16 -




] Contrastive Loss

Anchor positive samples

exp(sim z,, )/7)

fz‘,j = —log
Ek 1 Lkt exp(sim(z;, 2 )/7)

Negative samples

P exp(v vt /1)
l(v,07,v7) = —log pr(v-vﬂ'r)+Zf_1exp('u-v;/r)"

d SimCLR

(Chen et al, ICML 2020)
S 80
Maximize agreement .
Zi > Zj R RG(2x) Sup. R50(4x)
¥Sup. RS0 e kRSO
15 I
FR50{24)*
o o152 *R50(4x)
) 101 P2
01 eepe *R50(0 .
fuis2 R34(4x)
. RI0I .
.65 R18(4x)
o | *Rs
" ’
R34(2x)
O opgom
S| gy
50 | *R18

0 50 100 150 200 250 300 350 400 450
Number of Parameters (Millions)
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 Data Augmentation

(b) Crop and resize  (c) Crop, resize (and flip) (d) Color distort. (drop) (e) Color distort. (jitter)

(f) Rotate {90°,180°,270°} (g) Cutout (h) Gaussian noise (i) Gaussian blur (j) Sobel filtering

0 Self-supervised learning with distillation with no label
(DINO)

Emerging Properties in Self-Supervised Vision Transformers

Mathilde Caron'? ~ Hugo Touvron'®  Ishan Misra'  Hervé Jegou'
Julien Mairal>  Piotr Bojanowski’  Armand Joulin!

! Facebook Al Research ~ %Inria®  ® Sorbonne University

-l

S EE

Figure 1: Self-attention from a Vision Transformer with 8 x 8 patches trained with no supervision. We look at the self-attention of
the [CLS] token on the heads of the last layer. This token is not attached to any label nor supervision. These maps show that the model
automatically learns class-specific features leading to unsupervised object segmentations.

-18 -




J Contrastive Prediction in DINO

Global crops

bac

Teacher

Teacher

Feature

A Semantic features

kbone

CXR image

Self-supervision

Student
backbone

Student

\J

Semantic features

Feature
head

loss:
-p2logpi

6

]

soft

centering

cma

student gg

teacher gy

Figure 2: Self-distillation with no labels. We illustrate DINO in
the case of one single pair of views (z1, z2) for simplicity. The
model passes two different random transformations of an input
image to the student and teacher networks. Both networks have
the same architecture but different parameters. The output of the
teacher network is centered with a mean computed over the batch.
Each networks outputs a K dimensional feature that is normalized
with a temperature softmax over the feature dimension. Their
similarity is then measured with a cross-entropy loss. We apply a
stop-gradient (sg) operator on the teacher to propagate gradients
only through the student. The teacher parameters are updated with
an exponential moving average (ema) of the student parameters.

Supervised

|

ﬁlll GRS

o I.’

\

1

' III I-
B

FECRER
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0 Self-Training with Noisy Student

d
Teacher
Teacher
backbone Pseudolabel
CXR image

(') Repeat Self-train

+Noise I
Student

\J

Class prediction

Student
backbone

d Distillation for self-supervised and self-train learning
(DISTL): Park et al, Nature Comm 2022

Global crops

7

Teacher

Class
Teacher head

> Pseudolabe| —

backbone F::”;“ —> Semantic features

i = )
Sl Globel view X
ol .
T/ [ ["] O Repeat 0 Self-supervision © Self-train
+Noise
'3 N\
Local crops Student ¥
= Feature "
Student e Semantic features
backbone - Eeelil——— Class prediction <
. J
A )
oe @ COMTECtioN wwewssssssssssns Supervision

from small labels
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Generative Models

1 Deep Generative Learning

Slide from CVPR 2022 Diffusion Model Tutorials

-21 -



d Various Way of Modeling Continuous Variables

« Various ways to model continuous random variables
— This taxonomic tree doesn’t count on “training methods”

Modeling Cont.
R.V.s

/\

Explicit density Implicit

Latent variable
models

Unnormalized
densities

- Variational

- Energy-based

models distributions
SN
Tractabl Sampling Score

ractabie functions functionst

— Flow-based models Approxmate - Generative - Score function-

- Autoregressive adversarial nets based generative
models (GANS) YV
V. logp(z)

autoencoders (VAEs) models (EBMs)

*copied and modified from I. Goodfellow,

ﬂﬂ”@ere, we refer to score function as the log-density gradient wrt. input, instead of well-known definition in
statistics

d Generative Adversarial Nets (GAN)

2EQLRE AR
AepEETeEY
anAeens

6B IBHAE
IFPRAERAE

min dist(pg, 1)

subjectto [lp = GQ#V

- 22 -




d Generative Adversarial Nets (GAN)

d Generative Adversarial Nets (GAN)

Generative Adversarial Network (GAN) https://this—person-does-not-exist.com/en

-23-




CycleGAN

l l\_fl lul [¢]
X 1 Y Y Ie-mm ency
.v. r— \./> <—*'o\Y S

Van Gogh Cezanne

“H',.l?c; >

J.-Y. Zhu, et al, CVPR, 2017

1 Diffusion-based Generative Models

+ Once the score model is trained to optimality,

*ie sp(x) = Vxp(x)

« Example: Use Langevin dynamics to draw samples

4

1
fo/to.o C 0

J/QK.»(Q’cff

f

!

1

.
.
LI
s
.

o ’QI ’/000"0’«

LA S Ly o

i11?:xr//'.\
L} .
LY r

"””"I./\'t‘:

Dtl.-'f.r"‘"

ooooooooooooooo

X1 « X; + €V log p(x) +V2ez;

1=01..,K

ooooooooooooo

http://yang-song.github.io/blog/2021/score/
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L Diffusion-based Generative Models

i

StyleGAN2-ADA DDPM Reverse SDE
(Karras et al., 2020) (Ho et al., 2020) (Song et al., 2020)

. . https://openai.com/dall-e-2/

d Text-Guided Image Generation
“A bowl of soup thatis a

“ An astronaut riding a horse portal to another dimension

in a photorealistic style" as digital art"

- 25 -




d Image Super-Resolution

Conditional generation (SR)

Input : 64x64 sz SR3 Output : 1024x1024

Vision-Language
Pretraining




0 Single Stream Architecture: UNITER (Chen
etal 2019)

‘man with his dog on a couch )

Image Embedder ( \ Text Embedder
Image Feature | . ik 2 | Text Feature
- . Transformer i
- e e e = e e = e = =
.@. i —
el (e
o [ .ﬂ peNe DR ONO Y | o
\ ) m man wnth h|s dog on a couch "\ -_;

Slide courtesy from CVPR2022 tutorial

0 Pretraining

(Image Embedder UN ITER MOdEl Text Embedder

o/

Image Feature ( Text Feature

Transformer

P

\ Emb m

@®-
R-CNN -Location .g _— -Token Position
\ ;ﬁl man W|th h|s dog on a couch \— —)

“ g & ol

UNITER ] UNITER ] ‘ UNITER ]
. man with his mAsk] -+ .man with his dog . man with his dog [CLS]

Word Region Alignment (WRA)

Image-Text Matching (ITM)
[UNITER; Chen et al2019]

Slide courtesy from CVPR2022 tutorial

Masked Language Modeling (MLM)  Masked Region Modeling (MRM)

- 27 -




0 Downstream Tasks: Visual Question Answering

What color are her eyes?
What is the mustache made of?

Is this person expecting company?
What is just under the tree?

How many slices of pizza are there?
Is this a vegetarian pizza?

Does it appear

f S
to be rainy?

Does this person have 20/20 vision?

[Antol et al., ICCV 2015]

Slige courtesy from CVPR2022 tutorial

0 Downstream Tasks: Image-Text Retrieval

Y
N

“a girl with a cat on grass” 3|

Image
DB

“four people with ski poles in their hands in the snow”
“four skiers hold on to their poles in a snowy forest”
“a group of young men riding skis”

“skiers pose for a picture while outside in the woods”
“a group of people cross country skiing in the woods”

Slide courtesy from CVPR2022 tutorial
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0 Downstream Tasks: Text-to-Image Attention

"""" 2 bicycle

e
]___I'fw _
A,

child puzzle

Slide courtesy from CVPR2022 tutorial

Foundation Models
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d Foundation Models: A Future Al?

On the Opportunities and Risks of
Foundation Models

Rishi Bommasani® Drew A. Hudson  Ehsan Adeli  Russ Altman Simran Arora
Sydney von Arx  Michael S, Bemstein Jeannette Bohg  Antoine Bosselut  Emma Brunskill

Erik Brynjolfsson  Shyamal Buch Dallas Card  Rodrigo Castellon  Niladri Chatteji
Annie Chen  Kathleen Creel  Jared Quincy Davis - Doroltya Demszky  Chris Donahue
Moussa Doumbouya  Esin Durmus  Stefano Ermon  John Etchemendy  Kawin Ethayarajh
LiFei-Fei ChelseaFinn Trevor Gale Lauren Gillespie Karan Goel Noah Goodman
Shelby Grossman Neel Guba  Tatsunori Hashimoto Peter Henderson  John Hewitt
DanielE. Ho Jenny Hong  KyleHsu Jing Huang Thomas eard  Sashil Jain
Dan Jurafsky Pratyusha Kalluri  Siddharth Karamcheti  Geoff Keeling  Fereshte Khani
Omar Khattab  Pang WeiKoh Mark Krass  Ranjay Krishna Rohith Kuditipudi
Ananya Kumar  Faisal Ladhak  Mina Lee Tony Lee Jure Leskover Tsabelle Levent 2
XiangLisaLi Xuechenli TengyuMa AliMalik Christopher D. Manning Machine Learning 0"’)0
Suvir Mirchandani Eric Mitchell Zanele Munyikwa Suraj Nair Avanika Narayan 4
Deepak Narayanan  Ben Newman  Allen Nie Juan Carlos Niebles  Hamed Nilforoshan
Julian Nyarko  Giray Ogut  Laurel Orr  Isabel Papadimitrion  Joon Sung Park  Chris Piech Emergence of...
Eva Portelance Christopher Potts  Aditi Raghunathan RobReich  Hongyu Ren
Frieda Rong Yusuf Roohani CamiloRuiz Jack Ryan Christopher Ré Dorsa Sadigh
Shiori Sagawa  Keshav Santhanam  Andy Shih  Krishnan Srinivasan  Alex Tambkin
Hohan Taon  Armin W. Thomas  Florian Tramér  Rosc E Wang  William Wang  Bohan Wu
Jiajun Wy Yuhuai Wu  Sang Michael Xie Michihiro Yasunaga Jiawuan You Matei Zaharia
Michael Zhang Tianyi Zhang Xikun Zhang Yuhui Zhang Lucia Zheng  Kaitlyn Zhou
Percy Liang*!

“how” Functionalities
Homogenization of... learning algorithms architectures  models

features

A 4

Center for Research on Foundation Models (CRFM)

Stanford Institute for Human-Centered Artificial Intelligence (HAT)
Stanford University

Bommasani, Rishi, et al. arXiv:2108.07258 (2021).

0 Examples of Foundation Models

L JT ] rch

7 A @ LG Chem
SLeens ELSEVIER
C‘C-C-g‘e © LG Electronics
HANTANG BRIVERSITY “ WOORI BANK
SEQUL HOSPITAL g

—

KOREA shutterstrck

roboflow

YA OpenAl's
ULy CLIP Model
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0 Foundation Models: Emergence

self-supervised learning + scale
In 1885, Stanford University was ':
|
S E
L -——a8
= emergence

Find a word that rhymes: duck, luck; lunch, n

Slide courtesy of Percy Liang @ Foundation Model Workshop, 2021

0 Foundation Models: Homogenization

Tasks

Question = 9
Answering ;'
’ Sentiment

, . Analysis

Y

()
&
& -9
&

Data

Text | I

'1‘ Extraction v\

; J/ 'Images e
- e A Adaptation '
speect W% Tining  Foundation -
4 Model Captioning
o Structured
* Data

= '\l;'. Object
3D Signals 2 e; akecognmon

i) Instruction
6\4 Following ..~

Bommasani, Rishi, et al. arXiv:2108.07258 (2021).
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0 Multimodal Embedding

Multimodal Data Common Embedding Space
e _C«;ntrast Analogy ;
Language Vision Eoraation 7 '",;O;;;;;' '"MTSI? 5
FEA T b Al %
Py 3 Lo} M
P8 O*Al °
@ B contast
Slgn Speech Analogy . * .*. M:d‘:‘l’isk?ws
Language e, MO g
) l "‘ [‘r:;;h Contrasts'&Analogies
Across Subject Matters
,/ ith | vt
Bommasani, Rishi, et al. arXiv:2108.07258 (2021).
o
d Foundation Models for Healthcare
Data Sources Downstream Tasks
Sources Healthcare ‘
l l ] | < ’ lnmor Care Providers
Care Providers mutuuom

l’, §

Wearable Publications
(Inwunce) Sensors Medical Forums

Modalities

|)Qd

unmond Cnmical M

|||"

Tables & Text
B, Clvcal Records

H b #

Training

Bommasani, Rishi, et al. arXiv:2108.07258 (2021).

* Treatment
* Summarization of Patient Records

Interface for Patients
f | * Question Answering
{ + Assistive Care
U * Community Health & Prevention

Biomedicine é’

€ a
g-) 'j/z = \}J
Ly = '& L ‘(\\

Personalized Drug Clinical
Medicine Discovery Trials
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d Foundation Models for Genomics
4RNA

Interpretable RNA Foundation Model from Unannotated Data for Pre-Training Data ————————>| Cross Entropy Loss =
Highly Accurate RNA Structure and Function Predictions \AAGGNCCUU =G L6 CUANACAUA -+ U U—
CUANACAUA-U , :
Jiayang Chen'', Zhihang Hu', Sigi Sun**, Qingxiong Tan', Yixuan Wang'*, Qinze Yu', sevess  eesses RNAFM N—1%
Licheng Zong', Liang Hong', Jin Xiao', Tao Shen'?, Irwin King', and Yu Li*'47#10 CCAUGAGNU- C Y 1
—t CUBNACAUA U
| - e— TG
" Department of Computer Science and Engineering, The Chinese University of Hong Kong, Hoag Koag SAR, China 800,000 species S ]
*Research Institute of ntelligent Complex Systems, Fudan Usiversity, Shanghai, China 4 2 5
*Shanghai Al Laboratory, Shanghai, China Y A % v 9 |
“Harbin Institute of Technology, China » w g »| Qutput Embedding
“University of Electronic Science and Technology of China, China A § 5
*Institute for Medical Engineering and Science, Massachusets Institute of Technology, Cambeidge, MA, USA I &
Wyss Institute for Biologically Inspired Engincering, Harvard University, Boston, MA, USA Unknown Data 3 $ T
*Broad Institute of MIT ard Harvard, Cambeidge, MA, USA AGANCGUAG U s = T Secez
*Zelixir Biotech, Shanghai, China .
"“The CUHK Shenzhen Research Institute, Hi-Tech Park, Nanshan, Shenzhen, Chisa NACAUUAGCA — Tesokformix Loyt <xt2
U AN U Structure-Related Tasks
i
Y
7 Secondary Structure
H Prodicson
Query g
<
Y V . Y o V V Y
UTR Funcion Predicion  RNA-protein inieraction Prediction Other Function
i : i SUTR  Codeg Secuence [onaes  moru | o Toms
Chen et al, doi: https://doi.org/10.1101/2022.08.06.503062  — ryafMFomwerd e S| o ooy
> PreT W E Ei
> h— " -
_ P& | (EN
o e PR - o — | meaa
o measurement Interaton

Federated Learning
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0 Big Data and Data Privacy Issue

G|0|Ef 3t: 2020 2¥ 4L 2E 8% 5 A|H
« JtHHE 0|8: L|O|E{E 7|4t

<> 4I%E 99 A S

U 015 99
g Yobg 4 O BY, | AUSHL FRo2 And ¥l Aol o .
AIHY G2 U A AuE o REZH S0 2o] AFY A7 o)A * Medical image, genome big data
ol A ]L 3:_ L
thi 3 Y S s * Even after pseudonymization, there is a
71540 18 Sl =5 & $80) 59 3ol 28 7F
v RO . 0 5444 potential of privacy infringement
Ay iﬂ?]‘e‘ ‘Nﬂ W =A 0 3% 01
3 0 295 7)24E & + Challenges in the development of medical
e Y2 AEREME_ g I R TSRE :
a9 ot 08 jo;;;} ofLp7| TEo] q Qo] KoE artificial intelligence

Er)3t ’Ej!

0 Federated Learning, Swarm Learning

a Local learning bCtantral learning

Model Private data Model Private data
@@@ @@@

(LT}
L Ll T n—

R ‘
Swarm edge node @ M Swarm edge node
4 Parameters ~ Parameters .’.
Swarm network

Private permissioned
blockchain network

s @ H
e gl
Model Private data -Parameters Parameters.” Model Private data

o) ", S Bleg
© <@ . & ©

Perameter § o Swarm edge node Swarm edge node

Warnat-Herresthal et al, Nature 594, 265-270 (2021)
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0 FL in the age of Foundation Model

PROMPTFL: Let Federated Participants Cooperatively Learn Prompts Instead
of Models — Federated Learning in Age of Foundation Model

Tao Guo, Song Guo, Junxiao Wang, Wenchao Xu
Department of Computing, The Hong Kong Polytechnic University, Hong Kong, China

Param Update Aggregation  Param Updalc @

= = | W
*Tuned  § Frozen /2R S ;ﬁ
‘_/‘—/ — A J
=== Server Update & < ¥, F Server
> Local Update

D o
2 Q USCI 1 Q Uscr n

Las Prompt o]
Py p— CLIP Backbone £) Pmmpt poll Vectors L |9

" el % (Class] |, py ;
Leamable 00, Text  Cos Image 15 ¥ Logits +— 3
Parameters > (01,9 Encoder “T” Encoder |~ . Ll

P Secure
Loss} ) APIE

i Inference )
(2]

b (lassification Logits

Al-driven Diagnosis
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0 Lung Cancer Detection (Lunit)

CXR Results CcT

Development of a deep learning model consisting of a
25-layer convolutional neural network and 8 residual
connections

Learning with 34067 normal X-rays and 9225 malignant
pulmonary nodule X-rays obtained at Seoul National

University Hospital

Radicgraph Classification Performance Nodule Detection Performance
F1 Scose (Precision, JAFROC Rase of FP

Pnmace  AUROC  Sesiciviry (%) Speciciry (%) Recall FOM  Sensiiviey (%)°  Findings (%)'
Scoel National  0.92 OOV B (5% 37.0(949,790] 0885 69.9 (100/143) 034 [61/181]
University [70.8,85.4] 1862,989) [620,769)
Hopid
Borare 059 ILI(U123)  9BG8SH  MIMLILY 0924 820(11413)  0.30[54182)
Hond [846,95.1] (802, 100] [747,876)
Nariogal Cancer 0.94 L2911 100 (70/70) 832(100,712] 0831 69.6(80/115)  0.02[3N181]
Censer [62.1,78.9] 1938, 100] [60.6,77.3)
Universityof ~ 0.96 §8(78/89) 93(56460) 912(95.1,876] 08%0 7508104 0.25[37149]
Cilifomia San [790,93.1] 1836,97.8) (658, 824)

Francisco Medical
Cenver

[1] Sunggyun Park et al. Radliology, 2018
[2] Lunit INSIGHT CXR (https://www.lunit.io/ko/products/insight-cxr), accessed on 2021.07.05

D BO n e Ag e (Vu n o) Acc7u5r;cy(%)

72.5%
70% 69.5%
. 65% 9
* test used to determine the normal growth of B
60%
. . 57.5%
children and adolescents, and can be helpful in the .
timely treatment of musculoskeletal disorders. — 495%
+ Bone age testing is increasing due to an increase in 45%
Al 9 ARA 2JAB | AFA 9JAFB
the number of patients with precocious puberty Rea:(')’(‘)g fime A
188 1o
0 o q 9 180
and a high interest in height growth. lgg
* Al alone can give you more accurate results than 1‘2‘8
experts. 100
80
+ Use Al-generated results to improve physician ig
reading speed and accuracy. 28
O AA 9JAtB YAFA QAR
+Al - +Al

[1] Kim JR et al, AJR Am J Roentgenol, 2017
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1 COVID-19 Detection by CXR

Park et al, MEDIA, 2021

40QC  KAIST A proemba

mun (5
romn s et

SEDUTO

(A) Shared layers between two tasks

Transformer Encoder
4

52l BHe—

L we |
Input CXR (X) m
. - 5

Multi-Head
Attention

- Embeddings
4---‘ ‘:’I:':?Ai, [class] token

Position embedding EP”- »m—o

S -\

Backbone
(pre-trained)

=l

—F | Transformer
o p—— Encoder [
: T 5
Rl
Z

—

Buippaqua yojed

(

Combine
& Reshape

(B) Separated task-specific heads

Classification task

Probabilities for each class

cLS Normal: 0.01
D head Other infection: 0.08 :
Z COVID-19: 096

“0

y

COVID-19 Severity

Severity quantification task Score & Map

MAP head (N) +
ROI Max-Pooling
(RMP)
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1 COVID-19 Detection by CXR

Park et al, MEDIA, 2021

Procedure by Clinical expert Clinical expert diagnose by aggregating of low-level features,
considering their location and multiplicity.

CXR Image
30 3 Clinical expert's view

Clinical expert

’ ey “COVID-19”

“Multiple opacity and
consolidation in lower lung zone.”

Procedure by Our model

Transformer diagnose by aggregating low-level feature map

CXR Image (16 x 16 patches) with their location and multiplicity.

Low-level feature map

(16 16 x 1024) Example of feature map

Backbone Transformer | “COVID-19"

“Multiple opacity and
consolidation in lower lung zone.”

Al-driven Prognosis and
Prediction
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1 Sepsis Prediction

Severe infection by microorganisms, e 3 40
mortality: early 20-35, septic shock: 40-60% 5"/"“}:"@

y \ Dila Faser
Electronic health record -
(temperature/pulse/respiratory rate/blood ad L:— o3 42018
pressure/leukocyte count on blood test, etc.) ."/ 3\‘-; . =) - e
and SOFA score (respiratory \sm; \_/ (@
system/nervous system/circulatory g 1 (e | M0
system/liver/coagulation/kidney) ﬁ — o *;ij C *mg
Early diagnosis of sepsis Artificial = e ]
intelligence (Al) technology Compared to il I N S ¥
medical experts, it was confirmed that the | ; "™
early diagnosis of sepsis was increased by sl T
32% and the false-positive rate was L
lowered by 17%.

[1] KH Goh et al., Nature Communications, 2021

U Blood Sugar Level Management
IBM, Meditronics

Meditronic, IBM Watson

Guardian connect CGM technology:
Manage blood sugar in daily life by
linking with mobile app

See your current
glucose instantly

Send blood glucose readings to mobile
app every 5 minutes

Event
markers

Predict a patient's hypoglycemia within
1-4 hours with 98.5% accuracy

Bringing the patient's blood sugar levels
to normal for an average of 39 more
minutes per day.

Your glucose
history

Wireless rechargeable
transmitter
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d Arrhythmia Classification

o Predictive research using electrocardiogram (ECG) signals
o Combining Convolutional Neural Network (CNN) and Long Short-Term Memory Model

(LSTM) to Classify Arrhythmic Disorders
o Most of the various types of arrhythmias show more than 99% accuracy.

Accuracy: 9.23%

Q 9.0% 0.0% 04% 0.2% 0.0%
¢ 339 0 45 2 0

0.3% 9.8% 0.0% 0.1% 0.1%
1 1181 3 1 1

):

A

Encoder Part
LBBB

i
U= 42% 02% DA% 04% 14%
£z 16 2 11162 - 15
Sz 1w 0.0% 00% 9 4% 0.0%
5 g 4 0 3 1094 0
i Z
i o) 05% 0.0% 0.1% 0.0% 98.6%
: > 2 0 16 0 1093
= APB LBRB NSR RBBB Ve
Target Class

Deep CAE Maodel

[1] Yildirim, Ozal, et al, Computer methods and programs in biomedicine, 2019

1 Detection of Heart Failure using ECG

+ [1] Automated detection of arrhythmias using different intervals of tachycardia ECG segments

|npu’[(ECG) - Layer 0 Loyer1 Loyer2 Loyer3 Loyer4 Loyers
| —
i = =
|
1
' , - e - s e s
worg
[ B
N
| Normal | — S apome —_—
it
| . ] 1 ] - !
. I I ~
|
|
| I st
| [ S
|
| Abnormal J Loyrnt Loy 10 Loyers Loyers Leyer? Loyer6

| J S

+ [2] Congestive heart failure detection

. GRAD-CAM
| o)
O L » /4"/
| = - aad
oo o QUGS

,,,,,,,,,,,,,,,,,,,, s | [1] Acharya, U. Rajendra, et al,, /nformation Sciences, 2017
[2] Porumb, M. et al, Biomedical Signal Processing and Control, 2020
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Workflow

pasodoag

0 Segmentation




0 Image Registration

Contrast
agent
Pre phase

Artery phase

Portal phase Delay phase

Boah Kim er al. /Medical Image Analysis (2021)

0 CycleMorph: Kim et al MEDIA, 2021

3 Spatial
—?‘
-’ transform —»

bxy

3
Y. . &
Spatial Vo, Registration Spatial .
i = transform ~~ \ 4| nmetwork |7 = transform ~ X
T 7 Vo e T )
bxy \\II | Gy J Pyx
A
I\
) . ”
Spatial 1oy Registration
= =* transform —» I .v| network |-
(2
T
¢YX T X LJ
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d Multiphase Liver CT Registration

Artery phase — Portal phase

Original Fixed
artery phase portal phase

e~ N

: l? \ / !? \

n A

' Unenhanced Arterial Portal Delayed

Unenhanced

Portal

Delayed




Source CycleMorph (global) CycleMorph (multi) Target Dgtobal Dfinal

2/0.808/0.909 /0.790

0.684 / 0.868 / 0.839

Image Enhancement




National Institute of
Biomedical Imaging
and Bioengineering

Ah AMERICAN ASSOCIATION
?u of PHYSICISTS IN MEDICINE

(“2- MAYO CLINIC

J: = (\ T Clinical
.~ Innovation Center

* Radiologist-selected abdominal CT patient
cases (10training, 20 testing) with noise
nserted fo simulate lower dose aoquisitions

* Projection data converted into an open
format (user manual and reading tooks
provided)

= Apr 2016: Participants submit
reconstructed images or denoised
images to AAPM website

= Jun2016: Images read by
radiologists at the host site

= Aug 2016: Winners announced
at AAPM Annual Meeting

WWW.38pm.ong

0 AAPM-Net: first deep learning for low-dose
CT

High SNR band Residual learning

lII H : Low-resolution image bypass

t\r/z!r?;/fc:ft i i @ “I|I||Iw”|

CY RS 8 (1§ S EEECINEY I
VU (W

level 1 level 2 level 3 level 4

Wavelet

ecompositio

5 i 18t | iz 1

(Kang, et al, Medical Physics 44(10))
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d Low-dose CT: Kang et al, 2017

Full dose Quarter dose

d Low-dose CT: Kang et al, 2017

Full dose Proposed




(AiCE

Integrated Intelligence

See through the noise

World's 15t Deep Learning
Reconstruction for CT

1 Low-dose CT Denoising without Reference

 Multiphase Cardiac CT denoising

- Phase 1, 2: low-dose, Phase 3 ~10: normal dose
- Goal: dynamic changes of heart structure
- No reference available

Phase 1

%R-R Interval 0 30 80 0 30 80 (ms)

Kang et al, Medical Physics, 2018 %4
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d CycleGAN Denoising for Low-Dose CT

Kang et al, Medical Physics, 2018

* Lcyclel N

P leentltyl -

) SO 5 RS 5

X4B XABA

Ladvl @
Lade @ xBA XA

i Lidentityz «

K

S

Lose dose (5%) - high dose

Input: phase 1 Proposed Target: phase 8 Input- output
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d Ultrasound image

v To overcome the image quality degradation in 3D Ultrasound

» Compared to 2D, 3D plane images have many artifacts

* |n particular., B/C plane artifacts are sever.

1 Unsupervised Learning by CycleGAN

3.D US image 2-D Quality US image

Neural Network
<Generator>

Neural Network
<Discriminator>
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d Switchable Architecture

(a)

9 u
o[ 9 B P
Do

/

(b)

9 ¢|]¢D¢I]¢U

AdalN Code Generator

Q 3x3 Convolution with stride=2

¢ Bilinear upsampling + convolution

Q 1x1 Convolution with stride=1

() 3x3 Convolution with stride=1 + InstNorm + ReLU

C] 3x3 Convoluton with stride=1 + InstNorm + Adaptive InstNorm + Leaky ReLU
Fully Connected Layer

¢ Fully Connected Layer + ReLu

E> 4x4 Convolution with stride 2 + Leaky ReLU

¢ 4x4 Convolution with stride 2 + InstNorm + Leaky ReLU

B 4x4 Convolution with stride 1 + InstNorm + Leaky ReLU

» 4x4 Convolution with stride 1

GYN A-plane

GYN B-plane
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OB A-plane OB C-plane

7 - e
‘o ’.‘ |
V' ;

.
2 )
&

L)

+

d Unmet Needs in MRI

0 MR is an essential tool for diagnosis
0 MR exam protocol : 30~60 min/patient
v' should increase the throughput of MR scanning
0 Cardiac imaging, fMRI
v Should improve temporal resolution
0 Multiple contrast acquisition in a short time
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J Accelerated MRI

k-space, measurement space

Image space

d Accelerated MRI

Reconstruction
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d Deep Learning for Accelerated MRI

(a)

Image domain learning

Direct mapping

k-space learning

d Diffusion models for accelerated MRI
H. Chung, et al, MEDIA, 2022

Reverse SDE
—

Xt42 Xt+1 X Xt-1

Xi41 0 o)
................................................ . Ll e 0 g
8 @o § @o | ™
3 —»gﬂ—v g — N
y 9 ®5 o @©F
_________________________________________________________________________________________________ o B g B
s 0 = 0
< <

Imposing data consistency step for every iteration
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Zero-filled Supervised Proposed Ground Truth

* Agnostic to sampling patterns * High frequency details preserved

TV U-Net DuDoRNet Proposed Ground truth
(a) 32.23/0.859 (b) 27.14/0.644 (c) 31.79/0.717 (d) 34.67/0.910 (e)
/\\\ ; | ) /\

B (A [

i
|
\

&/

[}

29,15/0.836 28,43/0.814 33.50/0.884 33.16/0.892

@S AN A A
~A / ~7 : 7 W0

Yy

'.‘.4 g ' “.‘.' ' ! "." |

A VR U

* Agnostic to contrast * Agnostic to anatomy
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DuDoRNet Proposed Ground truth
29.55/0.558 29.10/0.863 29.67/0.832 31.68/0.874

|

* Agnostic to contrast * Agnostic to anatomy

Oversight Al




0 MedViLL: Single Stream VLP for CXR

Chest x-ray Image & Radiology Report

FINDINGS:
Borderline heart size, similar. No pneumothorax. No effusion.

Mildly increased pulmonary vascularity, more prominent.
Segmental elevation left hemidiaphragm. Tortuous calcified aorta.

Minimal basilar atelectasis. Probable scarring right costophrenic angle.

IMPRESSION

Minimal bibasilar atelectasis.
Moon, Jong Hak, et al.

Disgiosis Chaselicalion Multl-moda! understan¢ng
and generation for medical
images and text via vision-
Medical Image-Report Retrieval language pre-training." arXiv
preprint
Medical Visual Question Answering arXiv:2105.11333 (2021).
Radiology Report Generation
Multi-modal Pre-training Model Visual Language Understanding & Generation

0 MedViLL: Single Stream VLP for CXR

Image Report Matching Masked Language Modeling
(™ Ddirectons Aue regressive 1 | Mtcing/ o Mtching
Self-attention mask : 1
R BRE | et
:
1
1

Ooom
pEEEE ¥ MedViLL

RRREEE || (o] (1) () (3] om) () (=) () (i) 3
illlllli'

S
e e I

B e e e e B
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0 MedViLL: Single Stream VLP for CXR

(1) Moderately severe pulmonary edema is new
and is accompanied by small bilateral pleural efTusions.

(b) Heart size borderline enlarged. No pleural abnormality.
Lungs clear. Normal pulmonary vasculature.

(a) Attention map visualization.

Original Report:

The ET tube tipis ...

The NG tube tip is proximally located
with its tip being in the proximal
stomach just below the cavoatrial
junction and should be further
advanced.

Generated Report:

the endotracheal tube tipis 3. 5 cm
above the carina . a nasogastric tube is
seen coursing below the diaphragm
with the tip not identified on the image

Original Report:

Compared to the previous radiograph,
the patient has undergone a VATS
procedure. No pneumothorax.
Unchanged position and course of the
pacemaker.

Generated Report:

in comparison to _ _ _ . the patient has
been extubated and the nasogastric
tube has been removed . there is no
evidence of pneumothorax . otherwise ,
little change

(b) Radiology report generation analysis.

d Medical X-VL: Dual Stream VLP

Image-report data corpus

Image

X-VL
Report ,

“There are no change in the
extent of known opacities
observed in both lungs.”

Pre-trained VL model

Medical -

Different domain

Downstream tasks

Retrieval

Report
Generation

Vision Question
Answering

Diagnosis

Error Detection
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d Medical X-VL: Dual Stream VLP

Park, et al. arXiv preprint arXiv:2208.05140 (2022).

Image-report data corpus Downstream tasks
. Retrieval
Pre-trained VL model
........ Report
Medical Generation
’ X-VL Vision Question
Report Answering
“There are no change in the
extent of known opacities Different domain Di .
observed in both lungs.” 1agnosis
Error Detection
Efficient adaptation
()
]
d Medical X-VL: Dual Stream VLP
Park, et al. arXiv preprint arXiv:2208.05140 (2022).
B @ e Ensemble
MIM
t 'TTM 'TfM Mi” Momentum teacher
u Shared - u@gR P
Alternatin Momandiim
Multi-modal X-attentiorgi Multi-modal Image encoder
Fusion Encoder Fusion Encoder —
R
EMA
Moment
- N[ Contrastive (> - === Te:(’tn;fl’:::t;:r
LR e ad L , L LR
earning
Distillation o
Image Encoder Text Encoder
Momentum
Multi-modal
1 1 encoder
7l i (CLS] there +as both [mask] [EOS] | s
t I Keyword-weighted
?'" iE‘ masking
iy 1k “There are no change in the extent of known
I 51 L‘ l opacities observed in both lungs.”
v
Report
Image
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d Medical X-VL: Dual Stream VLP

Park, et al. arXiv preprint arXiv:2208.05140 (2022).

A Right-left orientation confusion

AUC =0.759 + 0.067 True: In comparison with the study of ___ the monitoring and support devices
are unchanged. there is again substantial enlargement of the cardiac silhouette
with pulmonary vascular congestion and bilateral pleural effusions more
prominent on the right.

Wrong: In comparison with the study of ___the monitoring and support
devices are unchanged. there is again substantial enlargement of the cardiac
silhouette with pulmonary vascular congestion and bilateral pleural effusions
more prominent on the left.

Corrected: In comparison with the study of ___the monitoring and support
devices are unchanged. there is again substantial widening of the cardiac
silhouette with pulmonary vascular congestion and bilateral pleural effusions
more prominent on the right.

B Patient-report misregistration
AUC =0.981+0.025

Wrong: The patient remains intubated with the ET tube tip is 7 cm above the
carina. The NG tube tip passes below the diaphragm with its tip not clearly seen
on the current examination. The right internal jugular line tip is at the level of mid
SVC. The patient is in pulmonary edema, moderate, progressed since the prior
study, associated bilateral pleural effusions.

Suggestion: Single portable view of the chest. Lower lung volumes seen on the
current exam. Patchy region of opacity identified at the left lung base.
Elsewhere, the lungs are clear. The cardiomediastinal silhouette is within normal
limits. Tortuosity of the descending thoracic aorta is noted.

d Medical X-VL: Dual Stream VLP
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Label: The patient is status post median stematomy. Left-sided pacer Label: Mid post-op. ileus and a smal amount of pneumoperitoneum.

device is seen with leads extending to the expected positions of the fight

Generated: Mild post-op. ileus and a small amount of pneumoperitoneum.

without overt pulmonary edema. No large pleural
effusion is seen. There is no evidence of pneumothorax or focal
consolidation. The lungs appear relatively hyperinflated.

Generated: Patient is status post median stemotomy CABG and left-sided
dual-chamber pacemaker device with leads terminating in the fight atium
and right ventricle. MIBEAFEIREGAIY s unchanged. Mediastinal and hilar
contours are similar. There is mild pulmonary vascular congestion. No
focal pleural effusion of p is present. No acule
0sseous abnormalities detected.
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