.

Generative Modelling in Machine
Learning for Medical Imaging

Benjamin Hou | BioMedical Image Analysis
Imperial College London

\ @B;M—edlA




10/05/2019

Overview

e Part 1

> What are Generative Models?
Generative Adversarial Models (GANS)
Variational Auto-Encoders (VAEs) and Conditional VAEs (C-VAES)

Normalizing Flow Models

YV VYV V

e Part 2

» 3D Fetal Skull Reconstruction from 2DUS via Deep Conditional Generative Networks
» Conditional Image Generation of Missing Data with Deep Mental Maps
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@ BioMedIA
What are Generative Models?

Training Images ~paata (x) Sample Images ~pmoder (X)

pdata(x) X Pmodel (X)
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@ BioMedIA
What are Generative Models?

Generative Models

Explicit Density Implicit Density
Tractable Approximate Markov Chain Direct
Autoregressive Generative Stochastic Generative Adversarial
and Networks Networks
Normalizing Flows Variational Markov Chain
Variational Boltzmann Machine
Autoencoders

*Goodfellow et al. - NIPS 2016 Tutorial: Generative Adversarial Networks
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@ BioMedIA
What are Generative Models?

x = f(z;0)

v

x~N(f(z;0),0%])

Generative Modelling in Machine Learning for Medical Imaging




@ BioMedIA
Generative Adversarial Networks (GANS)

1 N () ()
Training Set Vo, EZ[logD(x ) +1og(1 = D(G(z")))]

=1 & e e e e e = -
\:\ : b 74
¥ ' - ’
: .

mGjn max V(D,G) = Exp,p,ucollogD(xX)] + E,p o [log(1 — D(G(2)))]
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Auto-Encoders

Input [x]

10/05/2019

Encoder —_— 7| — Decoder —_—

Bottleneck: low dimensional representation
of the input

Loss = ||x — x'||3
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@ BioMedIA
Variational Auto-Encoders

ad il N I
Encoder Decoder
x| — | dezlx) | - =~ |z |— | pelxlz) |— X
— 0'2 —_—
z~N(u,0?)
Reconstruction Loss KL Divergence

L(x,7; 0, $) =(Eqyzix[logpe (x| 2)]| (K Lqg (z1)|Ip(2)]
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Variational Auto-Encoders

U _
- - - -

|
u I I
c2~0~0~z —

.

zZ=u+o?Qe
e~N(0,1)

Decoder

Po(x|2)

Encoder

4 (z]x)

Reconstruction Loss KL Divergence
L(x,7; 0, $) =(Eqyzix[logpe (x| 2)]| (K Lqg (z1)|Ip(2)]
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@ BioMedIA
Conditional Variational Auto-Encoders

Decoder

Po(x|z,c)

Encoder

[ u I _
44 (z|x, c)

d?+0-+0~z] —

A

L(x,2,¢;0,¢9) = Eq,zix, c)[logpe(x|z, c)| = KL[q4 (z]x, c)||p(2)]
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Normalizing F

1000 samples from distribution ™, where u ~ 1ru(u)

OWS

(& BioMiedlA

1000 samples from distribution P, where x ~ px(x)

5r ul
x=f(u)= 2
4 f( ) Uy, — u% —1
3¢ - or
2 - Py
1r 4+
o f must be invertible ol
1 s
[e]
2k < -10 -
3+ xl -12 -
-1 o
L u = X) = o
4 f ) X, +x7 + 1 2
0 I I I I I I I |
'5_5 _;1 3 2 1 6 1 2 3 5 5 -4 -3 2 -1 0 1 2 3 4 5
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@ BioMedA
Normalizing Flows

fﬂu(u)au = jpx(x)ax < Total probability must
Bl 423 be preserved (i.e. =1)
du
| Px(x) = m (W) 150 Recall:

: x = f(u)

and
o) = M (F() o 100 u=f o0

Mapped probability > Dx(%) =, (f 1)) detJ (F 7 (%))

density

log py(x) = logm, (f ~*(x)) + log|detJ(f ~*(x))|
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Normalizing Flows

log py (x) = logm, (f 7' (x)) + logldet J(f ~* (x))

(& BioMiedlA

We estimate this We know this
P.D.F. of Normal Distribution

We can then use MLE:
0 = arg mg\xlogpx(x; 0)

Where 6 are the weights of f

How to we construct f so that it's invertible?
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@ BioMedA
Normalizing Flows

« 2074 - Dinh et al. - NICE: Non-linear Independent Components Estimation

« 2015 - Germain et al. - MADE: Masked Autoencoder for Distribution Estimation

« 2076 -van den Oord et al. - Pixel Recurrent Neural Networks

« 2016 - van den Oord et al. - WaveNet: A Generative Model for Raw Audio

« 2016 - Kingma et al. - Improving Variational Inference with Inverse Autoregressive Flow
« 2076 - Dinh et al. - Density estimation using Real NVP

« 2017 - Papamakarios et al. - Masked Autoregressive Flow

« 2017 -van den Oord et al. - Parallel WaveNet: Fast High-Fidelity Speech Synthesis

« 2018 - Kingma et al. - Glow: Generative Flow with Invertible 1x1 Convolutions

Generative Modelling in Machine Learning for Medical Imaging
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@ BioMedA
Normalizing Flows

Masked Autoregressive Flow Forward Masked Autoregressive Flow Inverse
Ts = ui - exp(ai) + vi=l...0 transformed
;[irias?;]lc)ol:’?oend X, | X, | Xp | X || Xp distribution | X Xy [ X | X0 e | Xg
Hi Wi
base base
distribution u, u, [«] U, u |..| u, distribution u1 u2 ui_1 ui uD

w; = (x; — 1) exp(—a,) | Vi=1...D

Ui = ¢ui(x1:i—1) x; = f(u) = u; - exp(a;) +
Neural Networks <
a; = Pg,(X1:i-1) u; = M) = (g — wp) - exp(—a;)

*Jiang et al. — Normalizing Flows Tutorial, Part 2: Modern Normalizing Flows
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Normalizing Flows

Latent Distribution m,, Data Distribution p,

Forward

u~ﬂu(u) —_—

x = f(u)
Inverse

x~px(x) -

— -1
u=f—"(x)
*Dinh et al. — Density Estimation Using RealNVP
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3D Fetal Sku
Deep Condit

&) BioMedIA
| Reconstruction from 2DUS via
onal Generative Networks

REC-CVAE HIREC-CVAE
3X3x3 3343 3x3x3 33N3 3x3x3 333 333 5 0.1)
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X |—l— == lI—Il— 1
1 7x7x7 3x3x3 4x4x4 3x3x3 4x4x4 3x3x3 4x4x4 1x1x1 R POV | ] i v
© [[o || || [t (|5 X 2 E 22 e 1101 S| | i s
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o |lo || [y |5 s L X, —
2 7 O [|O || (|
L[|l | 0 Ll 2= o [ ]S ][
2 A | el o =l |
Nco,1)
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2 = N ||
= [ N[ | e | k= ﬁ:__ﬁimm
35 [ (S ] (R [ © (|lo ||y |y (s (1= (S|
© |0 || [y X ™ | -
=R S R >R INSINS &3 3 [ I S S ) (S [N
I — M3
_g+Bg?cr:1V|glyns!o+nReLu _g+B§?cT\VnoollynE!o+nSigmoid_ﬂ,i’ up-convolution  fully-connected |a\/el'I _concatenation X
T |#filters|stride | T #filters|stride  ® #filterslstridel | #units |
g g k) Lo -
*J. J. Cerrolaza, Y. Li, C. Biffi, J. Matthew, M. Sinclair, A. Gomez, B. Kainz, D. Rueckert
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| Reconstruction from 2DUS via
onal Generative Networks

3D Fetal Sku
Deep Conait

Table 1. The table presents the average and standard deviation for the Dice’s coefli-
cient (DC), sensitivity (SEN.), and precision (PPV) of the reconstruction of the fetal
skull, and the effect of using three, two, or one standard US views as predictors.

10/05/2019

axial + sagittal + coronal axial + sagittal axial

DC SEN. PPV DC SEN. PPV DC SEN. PPV
REC-CVAE [0.91 +0.02|0.91 £ 0.05/0.91 £ 0.06|0.86 £ 0.05[0.88 £ 0.13|0.87 £ 0.09|0.83 £ 0.06|0.86 £ 0.15|0.84 = 0.13
HiREC-CVAE|0.91 + 0.04|0.89 & 0.06/0.93 £ 0.06(0.89 £ 0.05(0.90 £ 0.10{0.91 £ 0.08|0.86 £ 0.05]0.86 £ 0.11{0.90 £ 0.08
TL-net 0.89 4+ 0.03{0.93 4 0.05{0.86 £ 0.07{0.89 £ 0.05]{0.90 £+ 0.11{0.90 + 0.06|0.85 + 0.04|0.88 + 0.05|0.80 % 0.09

*J. J. Cerrolaza, Y. Li, C. Biffi, J. Matthew, M. Sinclair, A. Gomez, B. Kainz, D. Rueckert
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~ Sparse Sampled Context Images

N | Z>BioMedA
Conditional Image Generation of Missing
Data with Deep Mental Maps

Context

Images 1 (>
Context 3

[l T
Poses
Query Poses [ v;">M | >
*optional context-pose pair inputs
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Context
Image x; ¥
S S

RealNVP
Forward

OB,
©

'.__

O

I

Student-T

RNN =

Context
Image x, V2
i

RealNVP
Forward

2]

I

» Student-T'—
* RNN —

Context
Image x,, "»
S 2N

RealNVP
Forward

&>

b

Conditional BRUNO Architecture

Predicted
Image x
o+
RealNVP

Inverse

b

1t
Student-T Sample
RNN Distribution

1,2,..M

Bayesian
Sampled
Dense
Volume

*B. Hou, A. Vlontzos, A. Alansary, D. Rueckert, B. Kainz
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Conditional Image Generation of Missing
Data with Deep Mental Maps

3 /N

5 ~ -

- o«

E:

=1

b

n

=

=

2

S

o
Example motion  (a) Averaged (b) 4 (¢) C-VAE (d) BRUNO (e) Ground
Corrupted stack Template Context Predicted Predicted Truth

Slices Template Template

*B. Hou, A. Vlontzos, A. Alansary, D. Rueckert, B. Kainz
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