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EDUCATION

CAREER

2015 - 2017

2013 - 2015

2003 - 2007

2017 - Present

2016 - 2017

2015 - 2016

2011 - 2015

2010 - 2011

Dep. of Radiology, Seoul National University
College of Medicine, Seoul, Korea, , Ph.D.
Dep. of Radiology, Seoul National University
College of Medicine, Seoul, Korea, M.S.
Seoul National University,

College of Medicine, Seoul, Korea, M.D.

Section of Gastrointestinal Imaging, Department of
Radiology, Seoul National University Bundang
Hospital, Seoul National University College of
Medicine, Bundang, Korea, Clinical Assistant Professor
Section of Gastrointestinal Imaging, Department of
Radiology, Seoul National University Hospital,

Seoul National University College of Medicine, Seoul,
Korea, Clinical Assistant Professor

Section of Gastrointestinal Imaging, Department of
Radiology, Seoul National University Hospital,

Seoul National University College of Medicine, Seoul,
Korea, Instructor

Department of Radiology, Seoul National University Hospital,
Seoul, Korea, Residency

Seoul National University Hospital, Seoul, Korea, Internship



Back to Basic

CT

% Computed Tomography (CT)

= Medical imaging technique to produce tomographic (cross-sectional)
images (virtual "slices") of a body

= Using computer-processed combinations of multiple X-ray
measurements taken from different angles

CF astopadiin wps digpaired dane il il e a1 6 brage date
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< Computed Tomography (CT)

= Medical imaging technique to produce tomographic (cross-sectional)
images (virtual "slices") of a body

= Using computer-processed combinations of multiple X-ray
measurements taken from different angles

CF leprtin = fgpared die il B =] €4 FaEe dali

AN g

2
e
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. J Thorac Dis 2017;9(4):E364;E366
M : SHUHE revirmins
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[ 1i ' J Hsieh, Computed Tomography: Principles,
T Design, Artifacts, and Recent Advances,3
ed,2015, p44
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J Hsieh, Computed Tomography: Principles,
Design, Artifacts, and Recent Advances,3d
ed,2015, p44

» CT number = ERWater 5 1000 (HU) e
Hwater
S
Material § Tissue HU _I-T ek 1
Air — 1000 1]
Lasmg O M by o JANN
Fat = [ o =)
Wadet 0
Sl 10 1 L)
[ il S o A5
=oft tissue 0 o 80
v B0 e 0000 ||
o

Taubmann O, Berger M, Bogel M, et al. -
Computed Tomography. 2018 Aug 3. In: [l
= Maier A, Steidl S, Christlein V, et al., editors.
Medical Imaging Systems: An Introductory
. lGuide [Internet]. Cham (CH): Springer; 2018.

Wi of Groy nowls 12l bwvels ot g

RadloGraphics 1992; 12:825-837
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% X-ray tube

Symbol English
A Anode

Tube volatage: 80 kV - 140 kV

Expansion bellows (provide sp
ace for oil to expand)

C Cathode (and heating-coil)

Tube envelope (evacuated)

Tube housing

Cooling dielectric oil

Rotor

Induction stator

- w ®» O =X

Anode target

Tube window

& w (Aluminium or Beryllium)

Ll B - .
“ https://commons.wikimedia.org/wiki/File:Xraytubeinhousing_commons.png SMLIHE Fe tirmsas

% X-ray production

Bremsstrahlung X-ray production

i
i ¥ o
L] p-l—ll‘.-'p-.-'mh
a
' i
s rE e
e

F W O O & B E R OB OE =

Entgy paty

RadloGraphics 1997; 17:967-984

o -
T+ i SNUHE rediris
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% X-ray production

Characteristic X-ray production

RadloGraphics 1997; 17:96;—984
SNUHE reirins

% X-ray production

P ow o m g 4 @ o d B om om

Evmargry (st

RadloGraphics 1997; 17:567-984
SHUHE ritirasas
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< Interaction of X-rays with matter

chamoianstic

. - i .
¥ ey radialhiom 1
_:11 - B rocoil electron
x-rmy phaton -] | -ry placton L _'_._,..-;"""
e ——
photoelectem Tat

scationod xemy
() {3} phalos

Flgure 2.9 Musstrations of (8) pholosleciic inbermction and () Compion nleracion

= Photoelectric Effect « Z3
= Compton Scattering « Electron density

J Hsieh Computed Tomography: Principles, Desian,
1 Artifacts, and Recent Advances, 3" ed,20154 p39

s y SHUHE ritiras

< Computed Tomography (CT)

e
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< Computed Tomography (CT)

1st Generation

e i S e
- e

e
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e
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i e

https://commons.wikimedia.org/wiki/File:TC1Gen.png
1 Taubmann O, Berger M, Bogel M, et al. Computed Tomography. 2018 Aug 3. In: Maier A,
Steidl S, Christlein V, et al., editors. Medical Imaging Systems: An Introductory Guide
[Internet]. Cham (CH): Springer; 2018.

SHUHE reirnies

% Computed Tomography (CT)

iguii
1 BT Tl 1
'il I."l'r I

2nd Generation
I:!-lllll .Ilhu:'
PREEE I||l!I||I
S — :w;'if!
Fl'" M FRiE e
/ I o ,
! Y L
- ool 1 TIRI
| el - 1 TR
1 IEnaneLyg
[ a3 SRR
] hyl
e * -
e il F TYTINL
| & 1 LRFETR L
= CHE # TRALETR BBy
o AR
o [ERTRTLILL
—— Riiiinde
|;"'|j_‘u|.!_.-'.

htt_ps://commons.wikimedia.org/wiki/FiIe:TC2Gen.png

J Nucl Med Technol. 2007 Sep;35(3):115-28

SHUHE redirnas
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< Computed Tomography (CT) \ i

3rd Generation

https://upload.wikimedia.org/wikipedia/commons/3/3f/TC3Gen.png

https://commons.wikimedia.org/wiki/File: TC4Gen.png _
v s SHUHE resirein
< Computed Tomography (CT) ; :

3rd Generation

4th Generation

i = i | [

3 CurrentCT.

. Machines
X [ RS ".ll'

-. (i

https://upload.wikimedia.org/wikipedia/commons/3/3f/TC3Gen.png

https://commons.wikimedia.org/wiki/File: TC4Gen.png =

SHUHE retiries
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% Sequential Scan

Poster: "ECR 2013 / B-0279 / Comparison of radiation dose and image quality
between sequential and spiral brain CT" by: "I. Pace, F. Zarb; Msida/MT"

SHUHE riirams

% Slip Ring Technology

http://www.wikiradiography.net/page/Slip_Rings
SHUHE ritiress
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% Spiral Scan

Poster: "ECR 2013 / B-0279 / Comparison of radiation dose and image quality
between sequential and spiral brain CT" by: "I. Pace, F. Zarb; M MT"

SNUHE rediris

% Multidetector CT (MDCT)

18
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J Nucl Med Technol 2008; 36:57-68
SHUHE ritirmis
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< Dual energy CT

= Definition: CT that uses two photon spectra
= Technical approaches

— Rapid voltage switching
— Dual-source CT
— Multi-layer detector
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% Dual energy CT

[y

T —wilimh e iwamTy |HU

.
E

(%o T

27 —wuhu wl igh ey [

Material decomposition

-

® Virtual non-contrast

Martin P et al. EJR. 2008
SHUHE reirnies

+» Reconstruction

CF il Jeimavedl fns lilh

a5 aaa

TTT T ."._'i.'.l--l-l-llh
R B Ay mocem il S
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J Nucl Med Technol 2007; 35:115-128
SHUHE redirnas
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wibw 1

% Back projection vs. Filtered back projection -

varw 3

‘http://199.116.233.101/index.php/Image_Reconstruction_(CT) SHUHE reirnies

+ Iterative Reconsruction

https://doi.org/10.1 148/radiol.201513.27__66
SHILIHE retirais

22



+»» Reconstruction methods

= Filtered Back Projection (FBP)
— Pros: A speedy simple closed-form solution
— Cons: feasible to noise, sometimes amplifying noise

= |terative Reconstruction (IR)
— A statistical model of the noise to improve image quality
— Pros: Reduced image noise
— Cons: Different image texture, Much slower than FBP

SHUHE ity
% Iterative reconstruction
» Vendor specific
— Unable to access sinogram data
= No significant progress over the recent years
SHUHE ritiress
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Deep Convolutional Framelet Denosing for
Low-Dose CT via Wavelet Residual Metwork

i Warsg, Wos Chaag, Jisjen Ves, ardl Lag Chal Wa . Sl Wembas (EEE

% Deep Learning Reconstruction Algorithm

Iterative Deep Learning
Reconstruction Reconstruction

(2008-2018) (2018-Current)

B https://www.gehealthcare.com/products/tmqfldqlity
T ' SNUHE rediris




Clari7l

e TTUEFidelity

of CR equivalent dose CT
(0.5 mSv)

e=TlariCTAl SHUHE it
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AdalMN-Switchable CycleGAN lor Efficient
Unsupervised Low-Dose CT Denoising
Ipwck Ta, ol Bong Thaml Wi, Frilw, (LT

R i £ T rued Rk o] T

arXiv:2008.05753v1 [ee"sslV]
SHUHE retirmis
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Back to Basic

MR

KSIIM 10-Apr-2021

CONTENTS

* MRI: Hardware development = Image acquisition = Image processing
* Al /DL can improve MR reconstruction

* Faster scan and Eliminating motion

* MRI: Image Reconstruction
* Image Quality Improvement

¢ Quantitative imaging : Parametric Mapping

KSIIM 10-Apr-2021

History of MR Imaging as seen through the pages of Radiology

The Mstory of MB Imagng a8 Historical advances in the research and clinical applications of MRI
Soet Droupd e Fages of 1. Hardware (magnets, gradients, RF coils, RF transmitter and
ned receiver, MRI-compatible biopsy)

2. Imaging tech (pulse sequences, parallel imaging ...)

Image quality has been dramatically improved with high-field-strength

superconducting magnets, digital RF systems, phased-array coils : HW

Radiology 2014;273(2 Suppl):S181

28



KSIIM 10-Apr-2021
Advances in MRI Hardware Design

¢ Basic: main magnet, gradients, shims, and RF coils

*  Current state-of-the-art + future improvements and new development

*  Patient monitoring : wireless , camera

*  Patient throughput : Automatic planning, Interactive feedback during scan
*  Planning efficiency : Monitoring of system performance

*  New hybrid systems : MR linac, MR-HIFU

o4 RSNA 2020 - .

Andrew Webb, PhD from Leiden Univ.

KSIIM 10-Apr-2021
MRI : Image Reconstruction

* NMR (nuclear magnetic resonance) = MRI : Spatial encoding capability of field

gra dient coils cin Orthop Relat Res 1989:3-6, Br J Radiol 1977;50:188-194

* Encoding scheme : Gradient field, in order to allocate a certain nuclear resonance
frequency for a location = each signal location is inversely speculated from the

encoded frequency spectrum : spatial frequency domain k-space

— transform k-space into image domain : Fourier transformation (early history of
MRI)

e =~ e KSIIM 10-Apr-2021
Gradient maset e e Compact 3T
1. Stronger gradients, Higher slew rate
2. Stronger gradients, Higher slew rate .
3. Stronger gradients, Higher slew rate e 700 T/m/s
80 mT/m
)

e -

Improved SNR and lesion conspicuity with C3T is evident from the shorter

echo spacing, resulting in reduced T2 blurring of ETL and improved sharpness

« 8-channel brain coil: TR = 7600 ms; 256 x 256 acquisition matrix ; 24-cm
FOV; 0.94 x 0.94 x 1.2 mm voxels; TE/T| = 93.0/2025 ms (whole-body),
91.3/2060 ms (C3T)

* Echo spacing = 4824 yis (whole-body) vs. 3544 yis (C3T)

Magn Reson Med . 2018 Nov;80(5):2232-2245

29



KSIIM 10-Apr-2021
Parallel Imaging

*  Parallel Imaging : spatial encoding by using multi-channel phased array data
— Faster data acquisition time
— each channel data, independent spatial sensitivity
— sensitivity maps to differentiate aliased images in k-Space wagn reson Med 1999;,42:952.962 , Magn
Reson Med 2002147:1202-1210
— (1) potential to go beyond Nyquist sampling theorem using additional information
— (2) reducing the scan time

* Beyond the gradient field and PI: morphological priors for reconstructed images

— Wavelet transform from sparse image data wogn reson ved 2007;58:1182-1195

KSIIM 10-Apr-2021
Fast Imaging

o RSNA 2020

nthony Christodoulou, PhD Cedars Sinai | RSNA2020

KSIIM 10-Apr-2021
Deep Learning for MR Image Reconstruction

e 1) Data- driven prior

— Identifying weights and biases in a neural network involves fitting parameters iece trans ed imaging

201837:1289-1296
— Excellent quality and be robust to artifacts

<> network is applied to data that was not involved in the training
* 2) High reconstruction speed

— Deep learning approach: gradient calculation only for the back propagation step

— manifold property of human brain images and proposed a neural network that transforms

arbitrarily encoded k-space into images woture 2018;555:487-492, Magn Reson Med 2018;80:1189-1205

30



3)

KSIIM 10-Apr-2021
Deep Learning for MR Image Reconstruction

Optimization of nonlinear reconstruction

Variational network : CS reconstruction to find the best domain for sparsity enhancement and
norm criteria for the reconstruction wagn reson vied 2018;79:3055-3071, Magn Reson Med 2019;81:116-128.

Neural network for parallel imaging reconstruction waga reson Med 2019;81:438-453

NN that solves the parallel imaging in both k-space and image domains prof. vwang b et al, Magn Reson med

2018;80:2188-2201

Further investigation to integrate the benefits of the deep learning and model-based approaches
Magn Reson Med 2018;79:3055-3071, IEEE Trans Med Imaging 2019;38:394-405

=

. Denoising

KSIIM 10-Apr-2021

Image Quality

conventional denoising methods: model-based methods, sparse coding,
effective prior, and low-rank approaches, ... izee rrans image process 2006;15:3736.3725

CNN algorithm by a convolution operator are iteratively solved by repeated
convolutions and point-wise nonlinearities e mans mage process 2017,26:4509-4522

residual learning method for solving CS reconstruction by showing that the noisy
artifact originating from the randomly under-sampled k-space has a topologically

simpler manifold than that of the original images iece mans siomed eng 2018,65:1985-1995

N

KSIIM 10-Apr-2021

MR artifacts due to spatial encoding schemes and reconstruction algorithms
Various motion artifact

Conventional : prospective or retrospectiVe wagn reson med 2013;70:1608-1618, Magn Reson Med 2009;62:943-

954, Magn Reson Med 2011;66:135-143

motion detectors or external devices such as navigators or motion tracking

Dee o] learnin g met NOdS proceeding isvam 2018 #1174, proceeding ismam 2018 #2660

31



KSIIM 10-Apr-2021

* 3. Super-resolution : restoring high-resolution images from low-resolution images

— Deep learning application >> conventional SR methods wed phys 2015.45:3120 3131, Magn Reson med

2018;80:2139-2154

— Supe r-resolution CNN (5 RCNN ) IEEE 14th International Symposium on Biomedical Imaging (ISBY). 2017:197-200

— CNN with a residual framework between low and high frequency of k-space s ved

Biol 2018;63:085011 , Med Phys 2018;45:3120-3131

— Super-Resolution using Generative Adversarial Network (GAN) arxiv:1s03.01417

— Thin-slice musculoskeletal images from thick slice image wagn reson med 2015,80.2139.2154

KSIIM 10-Apr-2021

Fast MRI 2030
o RSNA 2020

Fonl W OO0 Ouinh wvd Nem bo gt Soave

hony Christodoulou, Ph Cedars Sinai | RSNA2020

KSIIM 10-Apr-2021
Quantitative imaging : Parametric Mapping

* g-space DL method : estimation of diffusion kurtosis from twelve-fold less data. e

Trans Med Imaging 2016;35:1344-1351
* Multilayer perceptron method for T2 map, SafeNet. isvam 2015 #2277

* Magnetic resonance fingerprinting (MRF) : multi-parametric map in a single scan
Nature 2013;495:187-192

— DL-based on the multilayer perceptron structure: dramatic reductions in
reconstruction time + robustness wagn reson wed 2018;50:835-894
* Quantitative susceptibility mapping (QSM)

— at least three independent scans with different head orientations

Calculation of susceptibility through multiple orientation sampling (COSMOS) wegn seson v 20051195 201

— DL approach from a single orientation data neuroimage 2018;179:199-206
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Back to Basic

DICOM

DICOM Standard

« DICOM : Digital Imaging and Communications in Medicine
» The international standard for medical images and related information

cPart1~22 [ e e e
+ Part6 : Data Dictionary

[T

P

Part 19: Application Hosting

Part 20: Imaging Reports using HL7
Part 21: Transformations

Part 22: Real-Time Communication

The DICOM standard : a brief overview Article in
NATO Security through Science Series B: Physics and Biophysics - January 2008

DICOM Standard

« DICOM : Digital Imaging and Communications in Medicine
« The international standard for medical images and related information

« Part1~22 [ Fat | creka e wnid rows

+  Part6 : Data Dictionary
=] e ||.-..'I L]
— e ——— =
- F Ty :

e

Pard §

P

Part 19: Application Hosting

Part 20: Imaging Reports using HL7
Part 21: Transformations

Part 22: Real-Time Communication

The DICOM standard : a brief overview Article in
NATO Security through Science Series B: Physics and Biophysics - January 2008



PACS

+ Picture Archiving and Communication System
« BRtel o2 FYE CIXER SS/NT/HS/HRSE ALY
«  Picture(¥4h)
- QZ7|EOM LYt 2E o2
Archiving(X &)

« C|RIYSES CXE JEIZ Eor HFRE O MYt

N

«  Communications(H&)

. HESA DICOMEA ZR2EZES
« System

- HFE H/W, S/W

« 29YH A, Database, PACS 22Z213

L EEICEEE:

A

PACS

- @aol 7| £ Jhsstn 20|, 4E 59|
- BBl 24 EE a0l 5Kl g

- FTHe BRO| It

- Ef g¥nel Yu mzo| 80|

Weasis $t21 74X

DICOM Communication

+ Command

C-Find Aol SSE BA/SY A i
C-Store Modality®l Af A{#{2 DICOM H& ok gl
CMove  AH{0|A 222 DicOM 22 [

‘WADO Web Access to DICOM Object
(Find, Store, MoveS 2 22 73)

ra

|

- f
=7 "“

An Agent-Based Infrastructure for Secure Medical Imaging System Integration, May 2014
Conference: 2014 IEEE 27th International Symposium on Computer-Based Medical Systems (CBMS)

N,



DICOM Hierarchy

« Tree structure

‘ Patient1 H Patient2 H Patient3 H ‘

[ Study(CT) || Study(MR) | Study(Us) || Study(CD ||

[ Seriest || series2 || Series3 || Axal Sagittal, Coronal,.. |
” Image1 m Image2 H Image3 H ‘
i
|
DICOM file

D)(6(0)Y3IE

+ Format
%4 : NEMA Homepage
= Preamble : 128bytes | —
= Prefix : DICM = Gl .
oy mmme wEw
= e ol | 3 |
1 Bl
- IS =
— Y -
i e
.

+ Value Representation
« The data type and format of that Data

- .- Element's Value
= .
e « AS: Age String

« DA: Date
—— « DT : Date Time

s — | « ST : Short Text

DICOM Dataset

+ Attribute Type

Type Description

1 Required to be in the SOP Instance and shall have a valid value.

2 Required to be in the SOP Instance but may contain the value of "unknown", or a zero length value

3 Optional. May or may not be included and could be zero length.

1c Conditional. If a condition is met, then it is a Type 1 (required, cannot be zero). If condition is not met, then the tag is not
sent.

2c Conditional. If condition is met, then it is a Type 2 (required, zero length OK). If condition is not met, then the tag is not sent.




DICOM Dataset

« Patient Module Attributes

Attribute Name | Tag Type Description

Patient’s Name (0010, 0010) 2 Patient's full name.

Patient ID (0010, 0020) |2 Primary hospital identification number or code for the
patient.

Birth Date (0010, 0030) 2 Birth date of the patient.

Gender (0010, 0040) 2 Gender of the patient.

DICOM Dataset

« Study Module Attributes

Attribute Name Tag Type | Description

Study Date (0008, 0020) 2 Date the Study started.

Study Time (0008, 0030) 2 Time the Study started.

Accession Number (0008, 0050) 2 A RIS generated number that identifies the order
for the Study.

Referring Physician’s Name | (0008, 0090) 2 Name of the patient’s referring physician

Study Instance UID (0020, 0008) 1 Unique identifier for the Study.

Study ID (0020, 0010) 2 User or equipment generated Study identifier.

DICOM Dataset

+ Series Module Attributes

Attribute Name Tag Type | Description

Modality (0008, 0060) |1 Type of equipment that originally acquired the data used
to create the images in this Series.

Series Instance UID | (0020, 000E) |1 Unique identifier of the Series.

Series Number (0020, 0011) |2 A number that identifier this Series.

Laterality (0020, 0060) | 2C Laterality of (paired) body part examined.
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DICOM Dataset

* General Image Module Attributes

Attribute Name Tag Type | Description

Instance Number (0020, 0013) |2 A number that identifies this images.

Patient Orientation | (0020, 0020) | 2C Patient direction of the rows and columns of the image.
Content Date (0008, 0023) | 2C The date the image pixel data creation started.

Content Time (0008, 0033) | 2C The time the image pixel data creation started.

DICOM Dataset

« Image Pixel Macro Attributes

Attribute Name Tag Type Description
Samples per Pixel (0028,0002) |1 Number of samples (planes) in this image.
:th‘gaomemc Interpret (0028,0004) 1 Specifies the intended interpretation of the pixel data.
Rows (0028,0010) |1 Number of rows in the image.
Columns (0028,0011) |1 Number of columns in the image.
" 1 Number of bits allocated for each pixel sample.
Bies (Wlercziia (i) Each sample shall have the same number of bits allocated.
Bits Stored (0028,0101) |1 Number of bits stored for each pixel sample.
High Bit (0028,0102) |1 Most significant bit for pixel sample data.
Pixel Representation | (0028,0103) |1 Data representation of the pixel samples.
Pixel Data (7FE0,0010) 1C A data stream of the pixel samples that comprise the
Image.
1C Indicates whether the pixel data are sent color-by-plane or

Planar Configuration | (0028,0006)

color-by-pixel.

DICOM Pixel Data

* MR, X-ray : 0 ~ 4095 (12bits Grayscale)
« US:0 ~ 255 (24bits Color)

« CT:-1024 ~ 3071 (12bits Grayscale)

-1024  A240|0{ 37| (m| Lf )
0o s

3071 Y& =2 X|of oLt
-100 XY

100 2

200 £

=
2000 mE=

rlo

A : boxdicom.com
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GAN in Medical Imaging

GAN 7]_% O]% xz=2 o009

T2 A BEO] 7|2 94 1) BEo] 9

+ loss function®} regularization terms, 2) |5 HIEF o E a8

= o<5A14 algorithm, #HA[Pto =2 3) AlY|= H F71E si&E 4= = evaluation
metric, O|ZA A7 = FeT 4= AsUTh 2 o= 1o 22 THA 2
FA5] WAL Qe A Zlo] ] B8 5 e 712E AL Y =2
o

=

Z]
VT & ZA A8 AElES alsHls U AarE vl 2o 345

ZFolof| A= ofg] A4 1d Z Generative Adversarial Networks (GANs)ol| 555}
o 7124l &2 Aot A Hisf gyt of¥l o= A4 B EolE
A Aoke 2ARAIE Al E AlFoL, olv] of ZoFe o= Ak ¢l e
AFAENAE FFAA ARlE Agste AS FRE e v e ® Azt
o] 710] 512t GANs ]9l Deep Image Prioro} 2> 537t Fejo] 44 el

= AA 94 5 Al AL ARIE A s lE Y.
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GAN in Medical Imaging

nL EC =80

2l & BSEI (2020)
: "Eiaiid 7|8k oAt B2 913t Hlo|E| 52 I

- CHSt Cllo|E| 52 710l Chot 2|57 3 ol Y4
A0l HIO[E S 7| AL Al Fa|

https:/pc.jksronline.org/Synapse/Data/PDFData/2016JKSR/|ksr-81-1290.pdf

— — o =9, HiRT 2f (2021)
N “Realistic High-Resolution Body Computed
Ty Tomography Image Synthesis by Using

Progressive Growing Generative Adversarial

Rsalntc Mgn-Rewition Body Computed Tomogragty rage
Network: Visual Turing Test"

Syihena by Using Mrogresawe CGrowng Ceneraive Adversarel
Network: Vil Turing Test
- GANS 2 J’g3t CT 4ol chigh H|F Y RY EIAE

https://medinform,mir.org/2021/3/e23328/PDF
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mick - oy o Fromedie

Data augmentation in data analysis are
techniques used to increase the amount

of data by adding slightly modified ] ' ‘ R '

copies of already existing data or newly ]

created synthetic data from existing ‘ ‘ / ‘ ‘

data. It acts as a regularizer and helps - s -

reduce overfitting when training a ' ‘

machine learning model. It is closely |

related to oversampling in data analysis. ‘ h L = | ) N ]

EAH: https://enwikipedia.org/wiki/Data_augmentation 1 .' ' T’ ‘4 ' ‘
LRV [ [GRNCYI A

A TOR PIANAIO

Albumentations & 0| 8%t G|0|E{ 52} 6i|A| | https://github.ce

. Cutout (38): 4 Y=E Yolz Tefu S|4, clo|E| Zv|ek S=0] o2t &|=e| 0pAS 53| &opH0 .

. Mixup (39): 5 2H2] ME CHE SeiAc| HAS SHLIR Al 7|, A 2El0jAs He 452 =Y.

. CutMix (40): B LHE Y2 X2 5 g FAHoi| EfE SefAo| @S O O, Ofn|E N 442 98 sy,
. AugMix (41): F4A 2| 7IH*5%*7I'§I° HBI0] o] TS B 5l AT S Zek2 S8 oitel o 4E.

AwnN -~

‘31‘ B =
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o G P

2018

https://twitter.com/goodfellow_ian/status/1084973596236144640

_

Salehinejad et al. (2018) | https://pubmed.nchinim.nih.gov/30442603/

0 X-ray QA0 CHSH Q1SR 25 R Lol BHUHAS 20} it HO AN FAIR
0|28l 3t&8t AHCE 2k 20% 0|4 Mi=0| Zo18t

NLGAH 2 @M & G250

Memps | Taain g Bl gl @i Leam | Toim pe Rgribails daivws Uep | Zeel wm Bead dolewd
s Dy Parlr=l [ S . as Sebir Ol e, PO
wredady ¥R il W1 Tesilraly  BE bR
Sy - WS Sy - W dpariory iR

AR AL - RNF F1 e L N
Jang et al. (in prep.)

B X-ray QYOI Tt QI3X|5 27 DA OHLOIM SYYYUCR Stadt mH2 AN Yy 2ROl

=
]
HREL= AQ, Alxj| QALO 2 SHASH IS0]| HsH KStE I|= OF 1.7% Al X8t
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Kovalev & Kazlouski (2019) | https://andv.org/abs/1904.08688
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nL gy devdpe o I - T oy Fromedis

Fréchet Inception Distance (FID)

= : The Fréchet inception distance (FID) is a
metric used to assess the quality of
images created by the generator of a
generative adversarial network (GAN).
Unlike the earlier inception score (IS),
which evaluates only the distribution of
generated images, the FID compares the
distribution of generated images with
the distribution of real images that were
used to train the generator.

EA:
oo wo - e https://en wikipedia.org/wiki/Fr%C3%A9chet_inception
_distance

https://tutorials.one/how-to-i the-frechet-inception-distance-fid-for-evaluating-gans/

A Framedis

]
!
1
.

. o ‘..:. ",'lﬂ\'
d 2D

Guetal.(2020) | https:/arxiv.org/abs/2003.08932



Truncation 2}

Brock et al. (2018) | https://arxiv.org/abs/1809.11096

-84 P42 T157) 918H YAt 2lolo] Latent vector (2) 20| 2 B HollH 2
Eog Zgxjol 2418 =gsto] HpLiL o9
-0[2 B3 Aol Clefe A AAE £ Uxjati L2 ERS US4 U
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Al in Practice
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B8 Xd B2

- L} AofM {7t 5 XM Al Q&27[7] vig
- STIR| Y, STLE AISS 25 HE AZ0| 20| US

[= AN
HZEAH HEY st Oy et
F4 Lunit InsightCXR Nodule 2018.8 HZAH
4R Auto Lung Nodule Detection 2019.6 HZHE
Sr Vuno Med Chest X-ray 2019.8 HZE mF3 2HEE Y, 8UME 7B
B Lunit Insight CXR MCA 2019.10 HZAH, m B 7|8
F4 Lunit Insight CXR 2020.10 97 FQ 0|4 4

SHUHT.. .

oA = AQ7t? - T E HE ALIE| L2

* Pre-reading
< AIZHEE GY 24 - BEOTL &0

* Parallel reading
- AloH THEO|TF 2K} Fd B - AT TEO| 7 =l

* Second reading
- BEOTF BX BE AT} 37014 A7 B4 - 2T BE

ol

SHUHY...

OIEA 2 TP - ANE

= [

» Triage/prioritization

- EEE, UIE0) o2t BE 2429 £

« Over shoulder
- HElo| HEO| Q87 US B AT HY - HF BE

* Auto-assignment
< EE HO|E, S 540wt Bl By

SHUHY.. .
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« =82 97 &H AE Al (version 3)
« 20213 322 H version 29t B8 0|8 &
o HE L A AR =20 HE oY

SHUHT .

O{EAH & Z{2I7F? — Experience in SNUH

CHE A0 o
S| E ZARSL UG BHE Al

Y + Al EH ZNE

SHUHT ...

{EH & AQ7t? - Experience in SNUH

« PACS worklist?} £¢t
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i o AO H
s M9 £

SHUHB.. .

55



56

=
=
5 7
=
mll 0 m
100 un =
. 0 =
@) L R 5 5
K & d &
O_._”_ & O ol 1h @ 80
= i RO o s e
_|_._ K EL! %0 = g
- W = Bl 7 & 3 5
= z = N o i 2 = S
ofl <~ 7 Klo = an el 2
- ad a o1 ME o U o g
&0 20 R 2o aF & =
- 100 I = = N i .
@) o m_.ﬁ___._ =3 =) n.:mzu mooa _.wwmoo % 7|_
= P 1 A %0 s X 3 ¥ = o
10 R e i s i 25 Ly o
Jlo R LS SBmak Ba L i
< K o 0ok W= o mxlo_.lu H RO i b1 '
R ORI 0 Tz 7 tuucxo__o n____ﬂm?_o.._/.uo = =
_|._O ’ = _u=7|._ﬂAo K4 m_._.,elﬂﬁo .Wﬂov%moao ®
M Ur B0 SH_AHOE_ -~ SH Bx emmlo_.t 10 =
— BEEUER oy <0 &Aom_.u_.M d|o_ﬁoso._.r_._ n
ol AT o U L 30 Q 7o = SR ) 0 40 <0
CE ETTEO mgﬂ_g% mm;ow__lg Jo g o0
. L|_u_ Eiks) = S o ,m_.oMo hw_._.n._xom_iﬂ _n._._n_._/m
_ut « o o = ..Ulﬂ_oo_u.ro wMoﬂ._n_v_._.nm.._ K o~ m
. o] 252000 PRI R _ola_OTu
o 0 k
1o|_.=._o_u w0 KJ o] R
1 ERNRE ﬂuumuog N x5 g F
K} r i) o T oﬁol_u_______m_um ._||_ooiv.x4
D...A W%.ﬁgﬂ| Mmmo_an_
. - ok Ww_oego_.
D.... On_Aom_._m_|..Mﬂ
. E R 3
H ] < 100
R &l =1 <®!
EWM?Z
LR
%%%%@
o_“_ . o H_OH_O
. M

SHUHE..




<AL HE T vs. 2 HIL: ALY - ASEXIOIM TTHO|Y HE

« Al

Mg ™ (2018 98 ~ 12¥) vs. Al HE 5 (20194 1€ ~ 48)

SSUD 22 SHAo| FAH A XM HAF
Age, Sex, Primary cancer0i| CH}0] F group matching
MEA 421 dojer AHEof chet e 45 Hln

7120

G CXROIA ERIH

True-positive detection (A)

%_=ﬁN%§§]

CXROIN = AEH

False-positive detection (B)

B = FEX or ¥ %‘ﬂ}

A E (Positive rate) = (A+B) / (A+B+C)

ALS

+5-E (Diagnostic yield) = A / (A+B+C)
7to|2|& (False referral rate) = B / (A+B+C)
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SHUHT.. .
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Al in Practice

Al in practice at radiation oncology

FDA Clears Al-Rad Companion Organs RT Intelligent Software ~ _StFMENS -
Assistant from Siemens Healthineers

aves af riek dharing radls

------

Origiaal Investigation | Health nformatics Jama L L E¥F
A 3N Neteork Open B= Microsoft
Nowerrber 30, 2000 !

Evaluation of Deep Learning to Augment Image-Guided Radio-
therapy for Head and Neck and Prostate Cancers

movr, W3, A sohote. N o d

P O Ay s — Google Health

Mayo Clinic, Google launch
Al initiative for radiation
therapy

MAYO
CLINX

@9
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yast PEMUNe revIews clnical onockogy

Artificial intelligence in radiation oncology
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Al Segmentation
in Radiation Oncology

Contents

* Image / Segmentation
Radiation Therapy
Al-powered image segmentation
Future Al research & RadOnc

Summary




Image

an artifact that depicts visual perception, such as a photograph
or other two-dimensional picture, that resembles a subject—
usually a physical object—and thus provides a depiction of it.
In the context of signal processing, an image is a distributed

amplitude of color but grayscale for medical imaging

AT

CT : Computed Tomography MR : Magnetic Resonance PET : Positron Emission Tomography
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Plxel : Picture element

Image segmentation

* Process of partitioning a digital image into multiple segments (sets of pixels,
also known as image objects).

* The goal of segmentation is to simplify and/or change the representation of an
image into something that is more meaningful and easier to analyze.

* Image segmentation is typically used to locate objects and boundaries (lines,

curves, etc.) in images. More precisely, image segmentation is the process of
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N Engl | Med. 2012 Jun 7;366(23):2207- 14,

Two Hundred Years of Cancer Research

NTME 200 YEARS SENCE THE STW ENGLAND JOURNAL OF MESICIKE WAS FOSIN DED,
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NEJM’s
Pivotal Events
for 200 years

in

Radiotherapy

1895 - Discovery of Roentgen rays

1898 - Discovery of Radium

1928 - H&N Cancer cured by fractionated RT
1950 - Cobalt teletherapy

1954 - Proton (particles) beam at Berkeley

1961 - Linear accelerator at Stanford

1968 - Gamma-knife radiosurgery

1971 - Computed Tomography
1980 - MLC

1988 - Intensity-Modulated RT
1994 - Carbon ion therapy
2019 - Today!

from EBS &2

66



How much dose we need for RT?
® | ethal Dose (LD)

® Dose of radiation expected to cause death to 50% of an
exposed population within 30 days (Lethal Dose - LD
50/30) is in the range 4~5 Gy (4,000~5,000 mSv) received

over a very short period.
< USNRC

Prowes bmg P and the | mvemme =

® General CT : |~5 cGy (10~50 mSv)
® RT Dose
® Typical Dose for RT > 50~60 Gy (2Gy x 25~30 fraction)

® SABR Dose > |10 Gy/fraction
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Who
Time(min)
Machine

Type

Imaging
used
in process

Purpose
of Imaging

5 Process in Radiation Therapy
CT Drawing Planning QA+Check Therapy

Radiation Therapist = L] " Medical Physicist Radiation Therapist
oLl M st

30 60 20

T SW SW LINAC
(MIM, Mirada) (RayStation, Eclipse) = (ARIA, MOSAIQ) MR-LINAC

2D X-ray
cr CBCT
(MR, PET, US) MVCT
MR

o~ : Dose Dose Localization
Localization | Segmentation
Calculation Calculation Registration

Medical Irhaging is playing very imporfant role in RT!

1. Simulation (CT)
2. Target + Normal

|. Simulation (CT) 1 Gaim e

5. Treatments with verification

® Patient’s CT scan for planning

e MR, PET/CT and etc...
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2.Target delineation

Target voluses

- e

TV » Parrwyg et Viiew

Adxce Moy vie e
ISR mpors 1 specly e

W] e i v e

138 7] The delneston of CTV accx

I. Simulation (CT)
2. Target + Normal
3. Planning

4. Quality Assurance

5. Treatments with verification

130 8 Comganin of whuve Gelraston

Al 58 method v B

on C1 g Nr (orainae

ROG 0431 Morocel

I. Simulation (CT)
2. Target + Normal
3. Planning

4. Quality Assurance

5. Treatments with verification
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3. Radiation Therapy Planning :

* Radiation type
* Beam Energy
* Beam angle

* Collimator

* Prescription

» DVH

3. Radiation Therapy Planning

® Tumor: High dose

- ¥ hcp:(WWAARays earchlabs.com

® Normal: Lower dose
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3. Radiation Therapy Planning: ="

Treatments with verification

Dose Volume Histogram (DVH)

i A 3

I. Simulation (CT)
2. Target + Normal

4. Quality Assurance (QA) ...

5. Treatments with verification

Torse hoese pharvom
+ ArcCheck
+ Garmera analysis
- 3% 3mm

2%-2mm '

».
« Approved by Physicists “ P
* Docu upload to EMR
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5. Treatments with verification

5 Process in Radiation Therapy
Drawimj Planning QA+Check

Dosimetrist g
¥ on Therapis D Medical Physicis
Who Radiation Therapist - Doctor Medic ]‘ Tiyse Medical Physicist

Time(min) 30 180 120 960 60
Machine CcT SW % SW

Type (MIM, Mirada) (RayStation, Eclipse) - (ARIA, MOSAIQ)

Imaging CT
used CT
in process (MR, PET, US)

Purpose ) Dose Dose
fl Pos Localization = Segmentation ‘ ‘
of Imaging Calculation Calculation

1. Simulation (CT)
2. Target + Normal
3. Planning

4. Quality Assurance

5. Treatments with verification

Therapy

Radiation Therapist

20

LINAC
MR-LINAC

2D X-ray
CBCT
MVCT
MR

Localization

Registration

Medical Imaging i [ important role in RT!
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Al powered Segmentation

Normal organ segmentation

Tumor detection

Tumor segmentation

Platform for toxicity prediction
Segmentation for adaptive radiation therapy

- Barriers for Al research
‘ - Dataset size
- Data heterogeneity
- Data curation
Lack of ground truth
Clinical data quality
Model explainability

Model robustness

73



Radiotherapy
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Evaluation of deep learning-based auto-segmentation
of organs-at-risks for breast cancer radiation therapy

1Hwa Kyung Byun, 'Jee Suk Chang, 'Min Seo Choi, 'Jaehee Chun, 2Jinhong Jung, 2Chiyoung Jeong, 'Jin Sung Kim,
3Yongjin Chang, “Seungryul Lee, 'Yong Bae Kim
Department of Radiation Oncology, Yonsei University College of Medicine, Seoul, Korea ; 2Department of Radiation Oncology, Asan Medical Center, University
of Ulsan, College of Medicine, Seoul, Korea; *Coreline Soft, Co., Ltd, Seoul, Korea; “Yonsei University College of Medicine, Seoul, Korea
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Deep learning-enabled multi-organ segmentation

in whole-body mouse scans
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Synthetic contrast-enhanced CT generation
using deep convolutional neural network
for cardiac substructure delineation
in breast cancer radiotherapy: a feasibility study

NonCon CT

Pgee | Notwork scheoctes of CECT . poncration modis

Al contour (Trained with ConCT)

Al contour
on NonCon CT

Al contour
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Deep Learning based segmentation and detection of
gross tumor for SABR in small volume of brain metastasis

Sang Kyun Yoo'2, Tae Hyung Kim?, Jaehee Chun?, Byong Su Choit, Hojin Kim?, Sejung Yang2
Hong In Yoon? and Jin Sung Kim!
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Gross Tamor Volume Segmentation for Pelvis using Deep
Learning on Multi Sequence Magactic Resonance Imaging
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O,.

Does “Contouring” really matter to you!?

Do you need a help for your problem?

Corrected-auto

Efficiency
Consistency

Guidance

But, Not perfect

How to use Al-contouring?
Drawing Planning QA+Check Therapy Follow-up

Al segmentation

Al segmentation / for IGRT (daily, adapive)
on simulation CT, MR, PET on CBCT, MR, PET and etc

Q/5|® waw B[

Al segmentation
) for follow-up
Al segmentation [ - on CT, MR, PET

For complication prediction
Decision support
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Deployment Barriers of Al in Clinical RadOnc

* Al solutions are beyond just a set of ML models, should be
designed and implemented together as a system including

people(users), processes and technologies
* Clinical use is beyond a research paper
We still have some barriers for Al research in clinical practice
Dataset size
Data heterogeneity
Data curation NUBODY'S
Lack of ground truth - PmFECT %
Clinical data quality X,
Model explainability

Model robustness

Summary

* Al will support Radiation Oncology!
* ML/ DL / Reinforcement Learning !!
». Al-powered segmentation will be a key baseline
for radiation therapy and cancer management
Clinical Al-based segmentation needs “Clinicians” & physicists!
* Data curation - contouring generation, inspection
Clinical commissioning, clinical evaluation, improvement
Real-time adaptive radiation therapy

Toxicity prediction, dose modeling and etc

No pain, No gain

* We need to make a “new " clinical, practical and robust
together in our daily wo wfér our patients and us.
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Al in Practice

Artificial intelligence
in digital pathology
intelligence

The role of artificial intelligence (AI) in pathology has been slowly introduced
but is actively settling down with digital to revolutionize current and future
medicine in the coming years. Radiology, a medical specialty partly similar
to and partly different from pathology has been relatively rapid to adopt Al
with digital whereas pathology (particulary histo- and cyto-pathology) is just
on the starting line, especially in Korea. Pathology armed with Al promises to
play a crucial role in precision medicine in cancer health care. In this lecture,
the current issues of pathology in Korea followed by a brief history of Korean
digital pathology and Al research, the global results of pathology Al researches
and obstacles of Korean pathology and Al settlement are described. Al has the
potential to change the practice of pathology by ensuring rapid and accurate
classification or counting features automatically without fatigue and enabling
pathologists to focus on higher level thinking and diagnostic conclusions,
especially integrating clinical, morphological and molecular information to
make more accurate diagnosis and in this way contribute to better health care

in future medicine.

83



N
D
—
N

2,

)
=
Q
O
D

(2’

<
©
—
S

¥
=
O

S




EDUCATION
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Recent Issues of Medical Al

Algorithm robustness and
confidence

Deep Learning Era

Qe2zuna >
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Deep Learning Era

Energy
Automation Finance
Deep
Learning
Management Healthcare
Manufacturing
s Beazaua s

Deep Learning Era

= Maedical Image Analysis

87



Deep Learning

= Whatisit?

beger
layer L,
- A
Cyars N
" QI o
| Pty ‘.:-/-:%
‘--\ 1 dik
e~ U .
W
Unsove Pt g»gaacuuz 5

Deep Learning

= Various deep neural network structures have
been proposed
— They are applied in innumerous application domains

%z x
C '"%\:
[——] | e [} - ":‘-
== C&—/
[ ] 2 S @ wehe
f——] s
V66 Google Net Dense Net
[ 6»gaacuuz 6
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Deep Learning

= It has shown astonishing accuracies
ImagoNet Clnsifcation Ereoe (Top )

POLL[WNGL)  20GE et M I e MO Wb

hitps:/devopedia.org/imagenet

e 6»;;:;:(3

.

- e

7

Deep Learning

= Is the deep learning model really useful?

= Unfortunately, Performance is measured with
GIVEN training and testing dataset!!
— They are not all of the world.

= What possibly happens when deep neural
networks meet the REAL world
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Data Driven Approach

= Model built from Data

Unsove Pt g'gea_:qmz 9

Potential Problems related with Data

= Data Distribution Change
— Covariate Shift
— Label Shift

= Adversarial Sample
= Qut-of-distribution

[ 6’89?_'5!9-12 10
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Data Distribution Change

Covariate Shift
Label Shift

Jnqae Fulue

htps:/f

Data Distribution

= Deep learning assume distributions of training

set and test set

blems-ba2d86ac5837

Beazaua
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Data Distribution Change

Real World

6’8??!“1!:2 13

Covariate Shift

6’8??‘!&1!12 14
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Covariate Shift

Urue Pt

Test Data Distribution 6,\.

Covariate Shift

= Maedical diagnosis
— Training with images from A device
— Testing with images from B device
= Speech recognition
— Training - West coast accent

— Testing -

Non-native speaker

= Language
— Training - ‘James, bring me a soda’

— Testing -

Urour Ptow

*John, bring me a coke

(A%

2&Ogu2
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Label Shift

Training Data Distribution

[ 6’8?8511!2 17

Label Shift

Training Data Distribution

Ussove Pebrw g»ggaqmz 18




Label Shift

= Can a model learn to differentiate?

Images from google search

vrao Buazaua 1

Label Shift

= Maedical diagnosis
— Train on data with few sick patients in regular season
— Test on data during flu season

= Text Analysis
— Train on news data before election

— Test on news data after election (new topics, names,
discussions, but still same language)

e ki 6*5.3.24!‘49:2 20
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Adversarial Sample

Unque Future

Ideal Training Dataset

= No Data Shift

Beazaua 2
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How about Models?

= Clean and Simple Models?

Unsove Pt 6'3_:_:;-_&.1142 23

How about Models?

= Or.. Clumsy Model

Ure P tow 6’8?&'““2 24
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Adversarial Sample

= Does deep neural network guarantee the same
answers?

True image Adversarial image

Goodfellow, Ian J., Jonathon Shiens, and Christian Szegedy. "Explaining and harnessing adversarial examples.”

Uines Petere Reazau

25

Adversarial Sample

= Security concern for machine learning models

— An attack created to fool one network also fools other
networks

— Attacks also work in the physical world
— It is very easy to generate adversarial examples

— Many defense strategies have been proposed, they all fail
against strong attacks

Univss Ptere Be2zau

26
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Why it happens?

. P
https: com/ki 7{7¢5038bdf3

Uorove Petrw 6"6:’-’:’"“942 o7

Defense Approaches

= Adversarial Training
— Train model using adversarial examples as well as natural
data
= Filtering/Detecting
— Learning pattern of adversarial examples or perturbations
— Reject adversarial samples without classifying them using a
specialized side model
= Denoising (Preprocessing)
— Reduce noise in the input using denoiser

Uorove Petrw 6»5;:5::[3942 o8
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Out-of-Distribution Detection

Jnqae Fulue

Can you say "I don't know"?

= In the World, there are many instances which
we never expect they are given.
— Does deep neural network can say I don't know” ?

NN —1{ NN [—?

Out of distribution

v Beazaua o
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Can you say "I don’t know"?

= Deep Learning is not so Reliable

Confidence of Output

= A Simple Way

— We choose the maximum of softmax for classification

¢ For an image in domain, softmax will produce a sharp output
¢ For an image out of domain, softmax will produce rather a
vague output

— Let’s check the value of the maximum

O + g\‘ae))t
—
S w5 © 0§
-5 O c 2 ]
s 2 < g
i~
o

- Beazaua
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Confidence of Output

= Over Confidence
— Modern NN tends to output overconfident prediction
¢ Confidence : Max softmax probability
— NN returns prediction with high confidence for noise image

LaNet (1564 ReaNet (2014

CIFAR- 100 CIFAR-100
o ) !
»~ o »
= b > P
3 L& h £
-4 & F £ &
e [ s ¥
] - P &

)
~ - ]
3 = s
. < <
Guo, Chuan, et al. "On calibration of modern neural networks." Proceedings of the 34th International Conference on Machine Learning-Volume 70. JIMLR. org, 2017.

6 "D By 33
Defense Approaches
= Qutlier Detection
— Learning what is normal and then reject what does not seem
normal
= Confidence Calibration
— Train the Neural Network to confidently answer to what it
confidently believe
* Variance-based Detection
— Verify variance of Neural Networks
6 "D By 34
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Summary

¢ Cog o Unique Future

Deep Learning

= Model Development Process

Uroue Ptow

6'82?.'“!:2 36

103



Deep Learning

= Model Development Process

Unvove Pebre gqeaumz 37

MEMO
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Recent Issues of Medical Al

Federated learning :
recent improvements and
challenges

Table of Contents

* Federated Learning and FedAvg

* Challenges of Federated Learning

* MAFL (Mean Augmented Federated Learning) framework
*  FedMix

* Experimental Results
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What Is Federated Learning?

. l Clients

Model can be exchanged, but
local data cannot be
exchanged
Model should fit well to —
general distribution of data

3 JMuLaBR

What Is Federated Leaming?

= Ench clieni has local dats

+ Dhata i privati: Cherls Cannol e cther chents” finw local data

B vt Rrd Feodel by« banla,
chenin rain modsl =F% lzcal dats
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FL Can Improve Generalization of Local Models

= Under FL, each device can bearn 3 model thal generalizes well fo unseew data
= ) AT

o =
7 N\

‘@@l (@@ | ;
iomi - E@; P :
] 4 I v ]
1o 18 ; 4 J
Thin sl s wp -Iﬁﬂ_ﬁ-l E— [l il :
defa e glns 16 8 Fremcdns 1648 J r | rarady prer chnpan 1 & 0 :

HLLAR

FL and Distributed Learning

Federated Learning Distributed Learning

Dataset Local, often heterogeneous Random
Accessibility Inaccessible across clients (privacy) Always allowed
Availability Only a fraction of clients Always every client
Primary Cost Communication cost Computation cost

* Federated Learning is similar to distributed learning, but has a number of
limitations that makes it distinct.

« If model is sent to server after every single update, it is analogous to large-batch
distributed learning (FedSGD).

* However, due to reasons above, FedSGD is highly inaccurate and inefficient.

6 OMuLaAB
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FedAvg

¢ FedAvg (McMahan et al., 2016) performs weighted averaging of locally trained
(SGD) model parameters by each client.

n
_ k _ Ny
Wy = PkWt ,Px = N
k=1

¢ Usually weighted by data size proportion py

+  Local wk is trained with local data of client k with given number of local epochs (E),
starting from global model parameter w;_,

* FedAvg has been the basic foundation of most modern FL algorithms!
¢ Much better than FedSGD (McMabhan et al., 2016)

Challenges of FL: Non-1D Settings

* I rced realodic selfings, local dafa for each device is heterogeneows: not
lenteally and independenily Sstrkad ed | MomsUD |

v Eidiyg ihcean distiiddsid pedormandi dnd dowed edcnmng in such sl

E}' MNon-110 ! E}' o
e "

- : 7.
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Does FedAvg Converge?

IS Rt e ety irvidl than FadAvg will pocwenge,
= b e ol WO [eeatica and indeperaderitly datribaned), proved By Thoa and Cong, 2007
= For pos-D, it s onby necenthy dhown by Ll et al, 3000
w i yhoswed for partlal parbcication (raction of dieris frained per reasd)

*  Howeyer, current FL algorishms are much sower bo converpe compared 1o cedinany
deep annig, Tod non-iD, (Thaa et al, 1)
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Does FedAvg Converge?

* Itis not immediately trivial that FedAvg will converge.
* Incase of lID (identical and independently distributed), proved by Zhou and Cong, 2017
e For non-IID, it was only recently shown by Li et al., 2020
* Also showed for partial participation (fraction of clients trained per round)

* However, current FL algorithms are much slower to converge compared to ordinary
deep learning, for non-IID. (Zhao et al., 2018)
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FedProx

e FedProx (Li et al., 2020) utilizes proximal term during local training:
K 2
Predprox = fsep T §||W = wel|

* FedProx has better stability and performance for heterogeneous settings.
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Challenges of FL: Communication Efficiency

* Under typical federated learning environments, communication bottleneck exists.
¢ Limited communication bandwidth but high model dimension

e CoCoA (Smith et al., 2018) and PFNM (Yurochkin et al., 2019) improves communication
efficiency

* FedMA (Wang et al., 2020) also works for more complex (ex. VGG) models

0s 09 = — |
304 o7l /“
- fedivg 06
03 e fodPros 805 e Fedhey
§ e fodMa o4 ——— fecPras
- A4 - FooMa
0.2 e :MM 03 —a= [raembie
Entre Dt
01 = Traning gi - ".:ﬁ. .

02 %4 % %9 1o 12 14 g
Amount of Comm. (GB)

(2) LSTM, Shakespearc: message sine

d P B GE @
Amount of Comm. (GB)

() VGG-9, CIFAR-10; message size
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Challenges of FL: Fairness

* If clients have differently distributed data, for some clients the global model will
particularly not fit well (unfair)

¢ Agnostic Federated Learning (AFL) (Mohri et al., 2019) learns on client with highest loss
e g-FFL(Li etal., 2019) uses aggregated loss related to a-fairness

Avernge  Worst 10%  Best 10%  Variance

— Obective | %) (%) (%)

sbeic | 170 [ X000 Maii Mboies o

vae (170 [ 310 @sss oiss  @ir

st | 977 GsiT DMasie moses s
g=0 ISy WY 7900 v

Shakespeare ¢ = 001 2140 420 .00 69.0 4 a4 L
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Problem Setting

*  We suggest a novel algorithm such that:
* Performs (relatively) well on non-IID settings

* Imposes very small additional communication cost and privacy concerns

* Thus, we propose:

¢ MAFL (mean augmented federated learning), which is a novel FL framework that alters
exchange of variables that has small negative effect in communication efficiency and
privacy

¢ FedMix, which is a novel algorithm operating under MAFL, that particularly improves
performance on heterogeneous data distribution.

13 OMuLaAB
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MAFL (Mean Augmented Federated Learning)

¢ MAFL (Mean Augmented Federated Learning) is a modified FL framework where:

* Averaged input data are exchanged across clients (via server)

* e.g. Averaged image pixels, averaged language embedded vectors

0
(0 g

R4 Set of S
Data Pid averaged data ~

L[
0
\\
\
Y
4
’I
(oL

14

Local data

Global

averaged data

Algorithms — MAFL

Algorithm 1: Mean Augmented Federated

Leaming (MAFL)

h”l! Dy (X..Y.] for & | PR, N

M2 number of data instances used for
COMPULIng average £, 4

Initiadize wy, for ghobal server
fort =0 .. .T-1de

(Tor client k with updated local data do )
Split local data into Ay sized baches
Compete ., y for each batch

Send all 2. g 10 server

Averaged data sent to server

(only required when local data change)

J

J

\ead
8, + Kchents selected ot random
Send vy o clients k € 5,

(I updated then )
Aggregate all 2. g1 X, Y, Server sends averaged data
Send X, Y, 1o cliemts k € 5, to selected clients

J

\ead

for k¢ 5,

| ),y f[lfrull.';dwdk. wy; X, Y,)]
ond

- 1
LTI k)')_.n(\. v,

end &
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Communication Cost Analysis in MAFL

¢ MAFL imposes additional communication cost by exchange of averaged data

* However, in most cases,

e Exchanging model parameters each round costs 2p,, per client (p,,: # of model
parameters)

* Exchanging averaged data costs 2d; per client (d;: input dimension) for maximum M;
each time

* Since p,, > d; in most deep learning scenarios, we conclude that additional
communication cost imposed by MAFL is negligible.

* Especially if exchange of averaged data does not happen every round

Privacy Analysis in MAFL

* Degree of privacy concerns by MAFL depends on M;, and # of data per client (Ny)
e Privacy is ensured as M, is larger
e Concerns

* Ownership of averaged data and subsequent exposure of local distribution from
each averaged entry

* Individual added data detected by changes in averaged data

*  Upper limit of M, if N}, is small enough

* Possible modifications
* Random shuffling, and further averaging among already-averaged data in global
server
e Upper limit on averaged data updates depending on data changed percentage
* Lower limit on N, for the client to send averaged data

¢ Such modifications are able since the framework is flexible enough to accept such
changes!
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Mixup

e Mixup (Zhang et al., 2018)

e Linearly combines both input and output:
= /1xi + (1 - A)x]

Ay + (1 = Dy;
A €[0,1]

x
y

¢ Global Mixup will likely result in ideal performance

* Butinvalid for federated learning: disallowed access to other client’s (xj, yj)

Caobal = € (F ((1 = Dx; + 227), (1 = Dy, + Ay;)

* Local Mixup is a possible implementation:

* (%0, (%;,y;) always from same client’s local data

18 OMLLAB

NaiveMix: A Simple Mixup Algorithm under MAFL

* NaiveMix: Mixup is performed between local client data and averaged data
Enavemic = £ (f (1 = Dx; +15;), (1 = Dy, + 1))

Upper baseline
(INVALID in FL)

e -
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.I l.
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B s gem e Bel
Ay Ly '
v
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() Global Mavep () Local Mivep \ (¢) NasveMun /
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FedMix: Approximation of Global Mixup Loss

* Since global Mixup is impossible under FL, we suggest a novel algorithm, FedMix,
that approximates global Mixup loss without access to individual data (xj, yj)

* Global Mixup batch loss (batch set J):
1
S
* This loss could be approximated for A « 1 into:

Lreamix = (1 = DL(F((1 = Dx;), v;)
+22(f((1 = Dx;), 5;)

o TN The algorithm
+1 5 X - > only uses
= (%, 7)!
((1 - /‘l)xi' yl)
2 JMuLae

Overview

Upper baseline [ MAFL ]
(INVALID in FL) /ﬁ

o - . ~on

e A e Eadiatend Bt

q C/\ S (RS (CRELY
— i p—r IR
B oo aivgse BwTE |a-vwtl
= n ﬁ.:m. Exuivernin Creamic
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Algorithms — FedMix

Algorithm 2: FodMix

LocolUpdase(k, wy: X,. Y, ) under
MAHL (Algonithen 1)
w e w
fore = 0 E-1do
Split Dy into batches of size B
for burch XY ) do
Sedect an entry .y, from
X,.Y,

{

[}

(1= (1 - NX:w),Y)
Ly w MS((1 = 0)X:0), 1) [ Instead of local SGD loss ]
£ = A5 - =,
(demvatne calcelaled at
ol «Ar,andy = g foe
exholx, .y, in X.Y)
(fwmily +03 4+
e w - Ve
end
end
refurm w

OMuLap
Experimental Settings
* Benchmark image classification: FEMNIST, CIFAR10, CIFAR100
¢  FEMNIST (Caldas et al., 2019)
* Non-IID: Each client has images written by different writer
*  Model: LeNet-5
EEE
e CIFAR10 and CIFAR100
*  Non-IID: Each client has limited number of different classes
* e.g. 2 classes per client for CIFAR10, 20 classes for CIFAR100
*  Model: VGG-9
2 OMuLaB
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FedMix in Non-IID settings

¢ FedMix performs best (on non-IID settings)
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! | Terag
3 ol Latte
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EE
o
L
Comm. Round
(2) FEMNIST (b) CIFARIOD (<) CIFAR 100
Algorithm FEMNIST CIFARIO CIFARIO
sest a0C. (200) rounds (805 1ot aoc. (500) rownds (N5 ) sest acc. (S00) rounds (40% )
Global Mixep 8X2 s a2 8S 614 s~
FedAvg 843 2 AR 253 S04 101
LocalMix 828 pe 730 267 S48 9l
NaiveMix 859 pt A 198 $i13 5
FodMix 865 15 1.2 162 567 M
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Models in Combination with FedProx

*  FedMix combined with FedProx outperforms other algorithms also combined with
FedProx

* Does not necessarily improve over vanilla FedMix

Algorithm FEMNIST CIFARIO CIFARINO
toxt poc, 1 200) roumds (805 ) test poc, (500) romds (70%) test acc. (500) roends (4015 )
FedPron 406 29 n3 266 512 9
FedProx + LocalMix s 39 741 34 sS40 %0
FodProx + NaiveMix 557 ko) 76.7 230 53 74
FedProx + FedMix 6.0 2 789 223 M8 68
2 A Y




Effect of A and M, on FedMix

* FedMix does not show decline of performance with increase in M,

L ] L A )
V. & " » S =
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FEMNIST TS0 Sad 357 %ad SA2 %S

CIFARSS \nr\n\ Me 219 ™M1 ™M
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s

Figure 3: Performance of MAFL-based algonthms for various My values (left), and samples of
averaged images from EMNISTACIFARI0 for various My, valwes (right).

* FedMix is best on small value of A

A 005 01 02 05
Global Mixup  79. 4 804 811 636
FedMix 81.2 805 777 67.1
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FedMix Excels as Heterogeneity Increases

* FedMix declines less as heterogeneity increases

* FedMix declines less as fewer clients are selected per round

Table 6: Test accuracy after SO0 rounds on  Table 7: Test accuracy after SO0 rounds on Cl-
CIFARI10, under varying number of classes  FARIO, under varying number of clients trained

per cliemt. per communication round.
—dnnhlrn— K/N

Algocithm 2 3 19 oad) Algorithm ol L A H) 0 1
Ghodal Miswp %2 0.7 w09 N4 Global Mivep L A o 82 92 w7
Fadag AR} 2 LY »i FedAsg (3R] A2 735 6l XN
Localmiy ™ AR LR i Lo almin 647 L 75 e ™A
NaneMi nNa LR 1A »a NaoveMin PAYY % Na LR xS
FedMa N2 s W »I FodMix TNy WS 1 B
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FedMix on NLP Task

e Dataset: The Complete Works of William Shakespeare (abbrv. Shakespeare)

* Task: Next character prediction
*  Non-IID: One speaking role for each client
*  Model: 2-layer LSTM

*  Mixup is performed for embedded vectors
e MAFL algorithms show highest performance

Table 2: Test accuracy after 50 rounds on Shakespeare dataset.

Algorithm  Global Mixup  FedAvg  FedProx  LocalMix  NaveMix  FedMix

Test Acc. (%) 344 540 544 537 569 56.9

MEMO
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