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Motivation

Deep Learning has come far...
But do we know what Nets learn?

Some expert applications
are well known like CT
Reconstruction (1917)

Can we use this expertise to efficiently train networks?

“Image Inpainting for Irregular Holes Using Partial Convolutions” {Liu 2018/04/20 #7} 22.10.2018
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Structure

1. Whatare ,Variational Networks“?

2. From variational methods to networks (Example)
1. Concept of Residual Networks

3. Examples

Roth, V., Vetter, T., Kobler, E., Klatzer, T., Hammernik, K., and Pock, T., eds., Variational Networks:
Connecting Variational Methods and Deep Learning: Pattern Recognition: Springer International Publishing
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Variational Methods

“VNs are fully learned models based on the framework of incremental
proximal gradient methods.” [1]

constraints

- _ C: Nr. Components
EE}} F(‘B) a f(m) + h.(:n) — Z fC(J&?) T h(m)? X €R" data e.g.pimages
c=1 n: learning rate

c(t) = mod(C, t)

Ty11 = prox; (z; — -r;;\?;r,f_))

1 .
prox; (z) := arg min (h(m) + — @ — z||§)

i

Variational Networks: Connecting Variational Methods and Deep Learning - {Roth 2017 #2} 22.10.2018
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Variational Networks

C

min F(z) = Y fola:0,) + h(z)

L]l — pI”Oth (mt — ntvfc(t)(mt 98(1‘)))

(a) Variational Unit (VU)

Variational Networks: Connecting Variational Methods and Deep Learning - {Roth 2017 #2} 22.10.2018
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Variational Networks

Xt

swork: (

(a) Variational Unit (VU)

Variational

(iterative) methods:
online optimization

»
»

Deep Learning:
Learn underlying
information offline

Variational Networks: Connecting Variational Methods and Deep Learning - {Roth 2017 #2}

22.10.2018
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22.10.2018
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Example: “Learning Networks for deblurring and denoising “

min F(x) := Y fe(x;0.) + h(x)

xr

min F(x) := ch(:n; 6.) = R.(x;6.) + D.(x;6,.),

re A

ST e () Dulwi) = 3 30 ((Re(as - ), )

i=1 j=1 i=1 j=1

Fields of Experts Higher order statistics

Variational Networks: Connecting Variational Methods and Deep Learning - {Roth 2017 #2} 22.10.2018
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Example: “Learning Networks for deblurring and denoising “

N n Nag n
ZZQDC’KC‘B )i) ZZQH(KC ﬁl;l?—ﬁﬂn))j)
i=1 j=1 i=1 j=1

Ny =
c c Y— Hj c A : known blur kernel
Pey) = o) =Y exp (() o u

— 202 "5" A : identity for denoising
j':
C C C C C C C 3 C
98 — (kl wl ..... N 5 ’UJN kl wl ..... N de)
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Variational Networks: Connecting Variational Methods and Deep Learning - {Roth 2017 #2} 22.10.2018
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Results: “Learning a Variational Network for

Reconstruction of Accelerated MRI Data"*

- BDS500 dataset (actually for detection and segmentation)
- deblurring and non blind denoising
- Set up different VNs (number of components, convex / non-convex)

We are ableto compare nets to iterative methods now!!!

Type | Corresponding scheme

VZ\T}\;t Proximal gradient method (7) (energy minimization)

C.t : : : .
VN, | Proximal incremental method (5) (approximate energy minimization)

t,t oL . . . . .
VN, | Single cycle proximal incremental method (5) (reaction diffusion)

s e

Original Image Subject 1 Subject 2 Subject 3

Variational Networks: Connecting Variational Methods and Deep Learning - {Roth 2017 #2} 22.10.2018
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Fig. 5. Average PSNR curves on the test set of the trained VN types for Gaussian
image denoising along with the gradient norm of the corresponding energy F'(ax:).
(Color figure online)
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Fig. 6. Average PSNR scores and corresponding gradient norm on the test set of the &
different VN types for non-blind deblurring. (Color figure online)

22.10.2018
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Compressed
- Sparse re
- Undersan
- Also used

=1

Learning a variational network for reconstruction ofaccelerated MRI data 22.10.2018
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Reference Zero Filling CG SENS Dictionary Learning PI-CS: TG Learning: VN

/

SSIM=0.78 SSIM=0.85 SSIM=0.88 SSIM=0.88
NRMSE=0.16 " NRMSE=0.10 NRMSE=0.06 5 NRMSE=0.07

/

SSIM=0.77
NRMSE=0.15

SSIM=0.93
NRMSE=0.08

SSIM=0.89
NRMSE=0.05

L

SSIM=0.88
NRMSE=0.07

SSIM=0.87
NRMSE=0.09

e

Learning a variational network for reconstruction ofaccelerated MRI data 22.10.2018 13
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