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Introduction

= Generative vs. Discriminative
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Introduction

» Generative vs. Discriminative

» Generating “realistic-looking” images — % x 4 52
one step closer to understanding it 2 »
* %/ x
x *

I

Trainig exémples Model sampleé

(Goodfellow 2016)
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GAN Results

bicubic SRResNet SRGAN original
(21.59dB/0.6423) (23.53dB/0.7832) (21.15dB/0.6868)
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What is in it for me?
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= MR to CT Reconstruction

Forward cyclo Real CT images

Backward cycle

B
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Yner \ /
!
.

©Wolterink 2017
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* Anomaly Detection

! Real
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What is in it for me?

* Proxy for training data
= Costly annotation
* Imbalance

©Wolterink 2017

¢ Wyl @ L ©Schlegl 2017
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What is in it for me?

* Proxy for training data
= Costly annotation
* Imbalance

= Similarity metric
* Discriminator

©Wolterink 2017

©Schlegl 2017
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What is in it for me?

= Costly annotation
* Imbalance

= Similarity metric
= Discriminator

*Domain Shift
= Adversarial training

©Wolterink 2017

©Schlegl 2017
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Outline

* Theory
= Key GANs

= Medical Applications
= Adversarial Learning

= Limitations of GAN
= Summary Tidying Up GAN — the Marie Kondo way
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Outline

* Theory
= Key GANs

= Medical Applications
= Adversarial Learning

= Limitations of GAN
= Summary Tidying Up GAN — the Marie Kondo way
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Theory
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Theory

» UNSUPERVISED Learning

12

M ATUD



Theory

» UNSUPERVISED Learning
= Perplexity Z "
» pdf for the generated distribution

~ Image

G(2)

Critique G — Calculating Perplexity
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Theory

» UNSUPERVISED Learning

= Perplexity

» |[dea 1: Sidestep perplexity with deep nets

» |dea 2: Gradient feedback from discriminator
» |dea 3. Game of many moves
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Theory

= Generative vs. Discriminative

» UNSUPERVISED Learning Z

= Perplexity

» |[dea 1: Sidestep perplexity with deep nets

Similarity of P, and Psynth
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Theory O e
= Generative vs. Discriminative
_ A ~ Image
* UNSUPERVISED Learning z § © " G
= Perplexity

» |dea 1: Sidestep perplexity with deep nets .
Similarity of P ., and Py,

Deep Net D — maps images to [0,1]
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Theory

= Generative vs. Discriminative

» UNSUPERVISED Learning Z

= Perplexity

» |[dea 1: Sidestep perplexity with deep nets

~ Image

G(2)

:

Similarity of P ., and Py,

Deep Net D — maps images to [0,1]
E,[D(X)] is high if xe P
E,[D(X)] is low if xe P

real

synth
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Theory

= Generative vs. Discriminative

» UNSUPERVISED Learning Z

= Perplexity

» |[dea 1: Sidestep perplexity with deep nets

~ Image

G(2)

:

Similarity of P ., and Py,

Deep Net D — maps images to [0,1]
E,[D(X)] is high if xe P
E,[D(X)] Is low if Xe Py,
Train using Backpropagation

real
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Theory W e
= Generative vs. Discriminative
. . ~ Image
* UNSUPERVISED Learning z § © " G
= Perplexity

» |[dea 1: Sidestep perplexity with deep nets
» |dea 2: Gradient feedback from discriminator

Goal of generator G:
E_[D(G(2))] is as high as possible
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= Generative vs. Discriminative

_ A ~ Image
= UNSUPERVISED Learning z g G " G
= Perplexity

» |[dea 1: Sidestep perplexity with deep nets
» |dea 2: Gradient feedback from discriminator

Goal of generator G:
E_[D(G(2))] is as high as possible
Fooling Discriminator
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= Generative vs. Discriminative

_ A ~ Image
= UNSUPERVISED Learning z g G " G
= Perplexity

» |[dea 1: Sidestep perplexity with deep nets
» |dea 2: Gradient feedback from discriminator

Goal of generator G:

E_[D(G(2))] is as high as possible
Fooling Discriminator
Backpropagation through D(G(.))
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Theory

= Generative vs. Discriminative

» UNSUPERVISED Learning

= Perplexity

» |[dea 1: Sidestep perplexity with deep nets

» |dea 2: Gradient feedback from discriminator
» |dea 3. Game of many moves

real

G ——+%or—» D fake

real
image
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Theory

» Generative vs. Discriminative

» UNSUPERVISED Learning

= Perplexity

» |[dea 1: Sidestep perplexity with deep nets

» |dea 2: Gradient feedback from discriminator

» |dea 3. Game of many moves Hgnmgx Eop [f(D@)] + Eoup,,,[1 — f(D(G(2)))]

real

G - D fake

Z

[=] *
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Theory

» Generative vs. Discriminative

» UNSUPERVISED Learning

= Perplexity

» |[dea 1: Sidestep perplexity with deep nets

» |dea 2: Gradient feedback from discriminator

» |dea 3. Game of many moves Hgnmgx Eop [f(D@)] + Eoup,,,[1 — f(D(G(2)))]

For Goodfellow 2014
f(x) = log(x) z

[=] :

real

G ——+%or—» D fake
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Theory

= Generative vs. Discriminative

= UNSUPERVISED Learning

= Perplexity

» |[dea 1: Sidestep perplexity with deep nets

» |dea 2: Gradient feedback from discriminator

» |dea 3. Game of many moves

minmax By p, [f(D(@))] + Eevp,,u [l = f(D(G(2)))]

For Goodfellow 2014

f(x) = log(x) ;
Derivative of log(x) = 1/x [mTT;_:\ f
Training sensitive to instances

that D finds awful

real

G L D fake
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Understanding Key GANs

Theory

© giphy.com

NETFLIX
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Understanding Key GANs

*Engineering Recipe
«|/P, O/P
= Architecture

=|_0Ss Function
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Understanding Key GANS

*Engineering Recipe
an—o— @B DC-GAN

/P, O/P
TTm TR cean
= Architecture
. - @ f Tﬂ%a * | cycle-GAN
= |_oss Function " =

ﬁ ATUD
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Deep Convolutional GAN (DC-GAN)

» Unsupervised
» Representation Learning

. real
fake

z » G —>oao— D
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Deep Convolutional GAN (DC-GAN)

» Unsupervised
» Representation Learning
» Latent space Interpolation

B

30
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Deep Convolutional GAN

» |/P: Z (100-D multivariate Gaussian)
» O/P: Image

31



DC-GAN

» |/P: Z (100-D multivariate Gaussian)
= O/P: Image

= Architecture:

z -6 —a— D &

32
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DC-GAN

w |/P: Z 3
» O/P: Image 128 \
256 —

f—‘ﬁ
. 1024
= Architecture: : ' .
4 8
4 == 5
Project ahd reshape Ers
CONV 2 CONV 3 64

CONV 4 -

G(2)

: -GG o—Wo
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DC-GAN
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= |/P: Z
» O/P: Image
= Architecture: —
SR—=
| B Stride2 16
Project and reshape CONY 1

CONV 2

= L 0oss Function: Same as Goodfellow 2014
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Conditional GAN (C-GAN)

» How to bring in some supervision?

]

H

¥4 YW

b 4Ly Y Yy Y
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™
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Conditional GAN (C-GAN)

» |/P: Z, Condition 0,1,2,...
= O/P: Image

36
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C-GAN

= |/P: Z, Condition
= O/P: Image

= Architecture: - -G - B real

Condition fake
real T T
image

A\

37 ” ATUQ



C-GAN

= |/P: Z, Condition(c)
= O/P: Image

= Architecture:

z >
Condition

G - - D real

i':::e T T fake

A\

= Loss Function: minmax F, . ol F(D(2]0)] + E.op,yn [l — F(D(G(2]0)))]

38




Cycle-GAN

» How to incorporate unpaired images for style/ domain transfer?

-~

orang — apple T o ©CyC|e'GAN
39 ” :,A,STUE
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Cycle-GAN

» |/P: Image (Domain X)
= O/P: Image (Domain Y)
UN-PAIRED
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Cycle-GAN

= |/P: Image (Domain X)
= O/P: Image (Domain Y)

= Architecture:

41




Cycle-GAN

» |/P: Image (Domain X)
= O/P: Image (Domain Y)

= Architecture:

real
fake

domain -
X -

T

1
A------ QO A--+----

domain

J

real
fake
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Cycle-GAN

» |/P: Image (Domain X)
= O/P: Image (Domain Y)

= Architecture:

cycle-consistency |, .

loss

= | 0ss Function real
fake

\o/

0

domain -
X -
T
1

-Qor 4------

domain

J

real
fake
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Cycle-GAN

» |/P: Image (Domain X)
= O/P: Image (Domain Y)

= Architecture:

X |
cycle-consistency |, -\./
loss .k-._
» Loss Function real D
fake X

domain -
X -
T
1

-Qor 4------

domain

real
fake

cycle-consistency
loss
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Engineering Recipe Summary

DC-GAN z Img GAN Unsup.

C-GAN z,c Img Modif. Cond.
B e GAN Supervis.

Cycle-GAN Img Img Cycle Style
@:j' G o— @l .
(X)  (Y) —— = ]"“% Loss Transfer

45 ﬁ ATUQ



Medical Applications
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Medical Applications
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= Review article
= 77 papers are reviewed
= Till end of 2018

= Incl. MICCAI, MIDL, ISBI, TMI,
MedlIA etc.

47
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Medical Applications

= Review article

= 77 papers are reviewed
= Till end of 2018

= Incl. MICCAI, MiDL, ISBI, TMI,
MedlIA etc.

= Mostly applied in

» Synthesis
» Segmentation

17 %

5% 27 % Classification
@ Denoising
3 % Detection

@ Reconstruction
@ Segmentation
0,
4 % @ Synthesis
@ Registration

36 %

https://arxiv.orq/abs/1809.06222
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https://arxiv.org/abs/1809.06222

Medical Applications

= Review article
= 77 papers are reviewed
= Till end of 2018

= Incl. MICCAI, MiDL, ISBI, TMI,
MedlIA etc.

= Mostly applied in
» Synthesis
» Segmentation
= Pattern
» Modify Architecture
» Modify Loss

17 %

5% 27 % Classification
@ Denoising
3 % Detection

@ Reconstruction
@ Segmentation
0,
4 % @ Synthesis
@ Registration

36 %

https://arxiv.orq/abs/1809.06222
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Medical Applications
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= Review article
= 77 papers are reviewed
= Till end of 2018

= Incl. MICCAI, MiDL, ISBI, TMI,
MedlIA etc.

= Mostly applied in
» Synthesis
» Segmentation
= Pattern
» Modify Architecture
» Modify Loss

= Re-apply the recipe

17 %

5% 27 % Classification
@ Denoising
3 % Detection

@ Reconstruction
@ Segmentation
0,
4 % @ Synthesis
@ Registration

36 %

https://arxiv.orq/abs/1809.06222
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Synthesis - Unsupervised

» Discriminating Lung Nodules
» Benign
= Malign

©Chuquicusma 2018

51
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Synthesis - Unsupervised

» Discriminating Lung Nodules
» Benign |
D T
= Unsupervised synthesis u:nnnmn:cn
~, 0a abbar®
L

©Chuquicusma 2018
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Synthesis - Unsupervised

» Discriminating Lung Nodules
» Benign |
D T
= Unsupervised synthesis u:nnnmn:cn
~, 0a abbar®
L

» Visual Turing Test
» 2 radiologists

©Chuquicusma 2018
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Synthesis - Unsupervised

" |/P: Z
* O/P: Image (64X64X3)

real

= Architecture: z G ——oa—— D

= L0oss Function: Same as Goodfellow 2014

54
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Synthesis - Unsupervised 0 AT
= |/P: Z

* O/P: Lung Nodule image (56X56X1)

= Architecture: - real

= L0oss Function: Same as Goodfellow 2014
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Synthesis - Unsupervised
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100-D

|- o - - -6

Kernel size: 4xd Kernel size: dud Kernel size: 4x4
Stride: 2 Stride: 1 Stride: 2
Project/Reshape —
3136-D
Real
56 - % ﬂ 1 -
FC Generated
Nodule
56
Kernel size: 4x4 Kernel size: dxd
Stride: 2 Stride: 2

©Chuquicusma 2018
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Synthesis - Unsupervised

Generated

Project/Reshape
l real
fake
3136-D
32
A4 & 1o
Real
o+l - B T E
FC Generated
Nodule
56 28 14
Kernel size: 4x4 Kernel size: 4x4
Stride: 2 Stride: 2

©Chuquicusma 2018
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Synthesis - Supervised

YU’ DARMSTADT
» Radiotherapy treatment planning
* MR: Segmentation of tumor and organs
» CT: Dose planning
©Wolterink 2017
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Synthesis - Supervised

= Radiotherapy treatment planning Unpaired data

* MR: Segmentation of tumor and organs
» CT: Dose planning

» MR-only radiotherapy treatment
planning
» Synthesize CT

©Wolterink 2017
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Synthesis - Supervised

= Radiotherapy treatment planning Unpaired data

* MR: Segmentation of tumor and organs
» CT: Dose planning

» MR-only radiotherapy treatment
planning
» Synthesize CT

» Re-purpose Cycle-GAN

©Wolterink 2017
M ATUD
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Synthesis - Supervised

» |/P: Image (Domain X)
= O/P: Image (Domain Y)

Ay
. domain | (I-j or D real
= Architecture: — ’ T g y fake
real D 4------«:r*l ______ F <« oo
fake X | - - YII
vx'

» Loss Function: Cycle Loss
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Synthesis - Supervised

= |/P: MR
= O/P: CT

real

G or D}' . fake

= Architecture:

» Loss Function: Cycle Loss (Sum of L1 norms
at MR and CT)
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Synthesis - Supervised
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Ay’
Forward cycle Real CT images ! . .
G & Y fake
F .:.__I_ domain
] ¥
rx'
Backward cycle Real MR images
/ syncr(’MR) i
[1Synur(Syncr(lur)-lurll1 S.V"MR(S.VHCT(IMR))
N
Syncr(Synwr(lcr)) [1Syncr(Synur(lcr)-lerlls

©Wolterink 2017
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Domain Adaptation - Adversarial Learning

» Deep Learning Segmentation
» Performs well in same domain
» Degrades with new domain

©Kamnitsas 2017

64
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Domain Adaptation - Adversarial Learning

» Deep Learning Segmentation

» Performs well in same domain £

» Degrades with new domain §

8

. : : 3

* Traumatic Brain Injury »
= Segment bleeding

£

©

£

(o]

(=]

B

>

&

No adaptation | Manual

©Kamnitsas 2017
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Domain Adaptation - Adversarial Learning
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» Deep Learning Segmentation
» Performs well in same domain
» Degrades with new domain

» Traumatic Brain Injury
= Segment bleeding

= | earn domain invariant
features

= Auxiliary task - Adversarial

Source Domain

Target Domain

‘ﬁu.;ﬁf’» o
FLAIRESS No adaptation | Manual

©Kamnitsas 2017
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Domain Adaptation - Adversarial Learning

= Different MR sequences

Normal resolution pathway

l Lyt [ Lz — Lna [ Lna Lns Lne Ln7 [ Lns | Hf:gg; gr
C —
:Down- Low resolution pathway l Onc} = L L _@
, sample
Voeam > “ L [ Lz =L =1 Lua f+17| Lis Lis |=r 17| L7 Lig I"l UDH
MR Image : PTITIIIIIIIIIIIIIIIIIIIIY f Source or
T | | Target Domain?
' Adversarial
[Upsampie L Soacat ]7 Discriminator @

©Kamnitsas 2017
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Domain Adaptation - Adversarial Learning

» Different MR sequences

Healthy or
Lesion?

MR Image JRRCEE R S e SRR

Source or
| | Target Domain?

S Adversarial
[Upsampled Crop | Concat. ] Discriminator —@

©Kamnitsas 2017
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Domain Adaptation - Adversarial Learning

= Different MR sequences

Normal resolution pathway

‘ Lt [ Lz — Lna [ Lna . Healtfly or
Lesion?
. Dolin- Low resolution pathway L _@

, safiple

MR Image

Source or
Target Domain?

L Adversarial
[Upsample Crop Concat. ]— Discriminator @

©Kamnitsas 2017
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Domain Adaptation - Adversarial Learning

“W Y

Source Domain

With adaptation

Target Domain

No adaptation Withiadaptation

©Kamnitsas 2017
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Limitations of GAN

© slate.com
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Limitations of GAN

= Numerical Instability
= Mode Collapse
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Extreme example

= Constant curl vector

Non-conservative vector field v

= Non-conservative e NN
A NN
////{/’ lllll \\\\\\\
////‘(, ,,,,, \\\\\tt

1 T = s LIS SN AN R ~ % X NN\
= Arises naturally in zero-sum game AR RN
. . PR T T \\\\\\\
= Follow arrow like simultaneous e SERERE

- | G D [} *‘
gradient ascent R R
oy . a @ PRIV EE T I
» Though has equilibrium at (0,0) I c it
O T e e ""’";

\\\\\‘\\ _____ PEPA AT A
.. . \\\\\\\\*‘“"””;;;
= |nitial Solution NANNNN NSl s S S
: : : NNNN NI s/
= Numerics of GAN (Reading List) ANNNN NS AAAAns

NN NN N N
© INFERENCe
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Limitations of GAN

= Numerical Instability
= Mode Collapse

= Evaluation
= Metrics
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Limitations of GAN - Practical

Counting

Medical Equivalent
Cell Images
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Limitations of GAN - Practical

574 TECHNISCHE

L7
{57/=\ UNIVERSITAT
%'~ DARMSTADT

Counting Perspective

Medical Equivalent Medical Equivalent
Cell Images Cross domain synthesis
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Limitations of GAN - Practical

Counting Perspective Global Structure
Medical Equivalent Medical Equivalent Medical Equivalent
Cell Images Cross domain synthesis Reconstruction

= Y-
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Reading List

Review: GANs for Medical Image Analysis

» Engineering * Theory
= DC-GAN = Numerics of GANs
= C-GAN | - = Are GANSs Created Equal?
= CycleGAN = {-GANS

= Blogs
= Off the convex Path
= GAN Open Problems

- Wolterink 2017 « MICCAI 2019 Tutorial

= GAN applications
= Living Review ;

= Kamnitsas 2017 = Lecturers: Me, J. Wolterink, K.
= Chuquicusma 2018 Kamnitsas

78
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https://arxiv.org/abs/1511.06434
https://arxiv.org/abs/1411.1784
https://arxiv.org/abs/1703.10593
http://livingreview.in.tum.de/GANs_for_Medical_Applications/
https://arxiv.org/abs/1708.01155
https://arxiv.org/abs/1612.08894
https://arxiv.org/abs/1710.09762
https://arxiv.org/abs/1705.10461
https://arxiv.org/abs/1711.10337
https://arxiv.org/abs/1606.00709
http://www.offconvex.org/
https://distill.pub/2019/gan-open-problems/
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Summary

GANSs — Unsupervised generative models with adversarial twist

When done correctly
» Realistic-looking images of unprecedented quality

Medical Imaging https://arxiv.org/abs/1809.06222
» Synthesis - proxy for training data
= Domain shift

GANSs for Medical Image Analysis

Salome Kazeminia®!, Christoph Baur”!, Arjan Kuijper¢, Bram van
Ginneken?, Nassir Navab®, Shadi Albarqouni®, Anirban Mukhopadhyay®

Issues “Department of Computer Science, TU Darmstadt, Germany

/’('umpulr r Aided Medical Procedures (CAMP), T'U Munich, Germany
¢ Fraunhofer IGD, Darmstadt, Germany

u Numerical InStabiIity 4 Radboud University Medical Center, Nijmegen, The Netherlands
= Evaluation metric

79


https://arxiv.org/abs/1809.06222

Thank Youl!
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Backup Slides
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JFw

CHE
ITAT

DC'GAN 256 r—lgs—a P

100 z
Stride 2
5
Stride 2 ;
. Stride 2
Project and reshape CONV 1
CONV 2
CONV 3 64
CONV 4 -

G(z)




DC-GAN .= AE

\
l\\CO

i1

1

co/l
4

Stride 2 > Stride 2

Project and reshape CONV 1

CONV 2

Recipe
» Replace pooling layers with strided convolutions (discriminator) and
fractional-strided convolutions (generator).




DC-GAN o \

\
l\\CO

i1
i

1

co/l
4

Stride 2

. Stride
p 32 -
roject and reshape CONVY 1

CONV 2 64

Recipe
» Replace pooling layers with strided convolutions (discriminator) and
fractional-strided convolutions (generator).

» Use batchnorm
» Use LeakyRelLU in discriminator




Unconditnl. (DC-GAN) Conditnl. (C-/ Cycle-GAN)
= Data Simulation =CT from MR
= Class Imbalance * PET from CT/ MRI

= Data Augmentation = Stain Normalization
= Prostate Lesions

= Retina Patches

= SKin Lesions
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DC-GAN o \

Stride 2 16 Stride 2

CONV 2

Recipe @)
» Replace pooling layers with strided convolutions (discriminator) and
fractional-strided convolutions (generator).

= Use batchnorm
» Use LeakyRelLU in discriminator
» Use RelLU in generator for all layers except output, which uses Tanh.




