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Image Restoration problem

m—)

®|mage super-resolution
® Image denoising

® Image deblurring




Model-driven Methodology
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Model-driven Methodology: Generative Understanding

arg r?ien Lo(Y—27) + R(Z) + R(6)

z~p(z); e~p(e; 6) ‘ p(z ely)~likelihood(y|z, e)p(z)p(e)



Model-driven Methodology: Generative Understanding

pILEv, UK, 0 x
p(x'|TL,Z,v, U)p(Z]0"jp(T1/0" jp(U10" " )plv)

z~p(z); e~p(e; 0) ‘ p(z, e|y)~likelihood(y|z, e)p(z)p(e)



Model-driven Methodology

Y mmmmm) 7+ = Algorithm(Y)




Model-driven Methodology
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Data-driven Methodology: Learn Clean Image

N

2010-2012

arg mv\i,n ||Z — Networky (Y)I‘2

o Symmetric Cmneum_s_ )

Yy  mmmmmm) 7= Networky.(Y)



Data-driven Methodology: Learn Noise

N

2010-2012

arg mv\i,n ||E — Networkyy (Y)I‘2

MNoisy Image Residual Image

Conv + RelLU
L
Conv + BN + RelLU
Conv + BN + RelU
Conv + BN + RelLU
Conv

Residual Network

Y ) £ = Networky.(Y)

Zhang, Zuo, Chen, Meng, Zhang, TIP, 2017




Data-driven Methodology: Learn Noise
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Model-driven or/and Data-driven?
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Semi-supervised Deep Learning

Unsupervised Data
[arg mv\i/n L(X — Networky, (X)) + R(W)]

[ arg rr\l/\i/n HY— NetworkW(X)H2 ]

Supervised Data




Attempt 1

Unsupervised/Semi-supervised Deep Learning for
Low-dose CT Enhancemenq

Probabilistic
understanding
has been
presented in our
TMIN18 paper
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likelihood(x, fz(x)) + prior(fy (x)) 1_!-

Robust Low-Dose CT Sinogram Preprocessin.g -------------------

via Exploiting Noise-Generating Mechanism

Qi Xie, Dong Zeng, Qian Zhao, Deyu Meng™, Zongben Xu, Zhengrong Liang, and Jianhua Ma’

Residual CNN ~ Comvolution

Unsupervised learning

_____________
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Geng, Deng, Zhao, Xie, Zeng, Ma, Zuo, Meng, arxiv, 2018




Attempt 2

Semi-supervised Transfer Learning for Image Rain Removal

Wei Wei'2, Deyu Meng'* Qian Zhao', Zongben Xu', Ying Wu?
ISchool of Mathematics and Statistics, Xi’an Jiaotong University, Xi’an, China
?Department of Electrical and Computer Engineering, Northwestern University, IL, USA

Probabilistic
understanding
has been

presented in our
ICCV17/ paper

s saaasa b ab a4 Supervised learning Pan ..., A
o ()

(real rainy image)

Should We Encode Rain Streaks in Video as Deterministic or Stochastic?

Wei Wei', Lixuan Yi', Qi Xie', Qian Zhao'*, Deyu Meng'**, Zongben Xu'? Wel, Mengl ZhOO, XU,WU, CVPR, 20] 9
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Deep Unfolding

Algorithm 1 My-Algorithm
Input: X

Output: Y

1} some something
hter
ep 2} do something m
if « = b then

5 return c

6 else

7 loop inner

&: {Step 3} do some more
L)

10

if b= ¢ then
y==

\ 11 break

else




Deep Unfolding

* Field of Experts (FoE) energy: HEIIZ Zpi([f‘[iu]p) P(u) = Vo D(u) | “\\ f,/
Roth and Black, FICV 2009 i=1p=1 Vo
7 — y
pl(z) = o2)| . V. 5
Ny N 3 p(z) = log(1 + =27)
*+ Half-quadratic splitting min ZZ (p,(z,, E{z — I{.,-u)i,,)
Schmidt and Roth, CVPR 2014 i=1p=1

| ¥ ¥ ¥ ¥

E—D hix, w,b ™ iter-] = jter-2 P dter-3 iter-n

Primal dual proximal scheme

Wang et al.,, NIPS 2018

I L |—b‘ Comv H lx 1 Camy |—b$->| Activation ] H Decams H Ix] Coa H Activation 2 I—.-E il
1 F 3
| =]

Alternating direction method

Yang et al., NIPS 201§

Sampling data
in k-space

Reconstructed
MR image

xm - xﬂn—])




Ouvur aitempt:. Hyper-spectral Image Fusion

Y =XR+N,,
Z=CX +N..

y = RHXWXS

2

ZE RthxS

.

=

ming||Y = XR||. + 2]z - ¢X||’ + pP(X)

|

1
-
S

-

Xie, Zhao, Meng, Xu, CVPR, 2019




Ouvur aitempt:. Hyper-spectral Image Fusion

Iterative optinuzation algonthm  Network design
Fork = 1: K do: In stage k = 1: K of the network do:
XH_ya yviipg —— ylh_ o, AT 4 PR, BT

E¥ _oxk _zg — L gk _ downSample = {X[k]]'l -z

etk r":-_”'-Ld:k:Il{:'." - . gl:k] 7 - upS :“'"-F.J-'..:Il' {F[H} :

&b

proximal

Y+ = prox, |:: -G J—- Ple+1) pTl:.'-"J"'-'E'II.,-_.h Ii,].-?':E: -

o)

hxwxS§

downSample

HXW X (r—s)

~

=XR+N,,
=CX + N,,

N

1 X 1 convolution m upSamplee(k)()

m proxNet g(k)(') . downSampleg(k)( )
P

Xie, Zhao, Meng, Xu, CVPR, 2019




Ouvur aitempt:. Hyper-spectral Image Fusion

Table 1. Average performance of the competing methods over 12
testing samples of CAVE data set with respect to 5 PQls.

MHF-netwith (K, L
vV XRAN ResNet —goy—17.9) (1&,4} : (139
=XR+N,, FSNR 325 3615 3661 3685 3.3
Z—CX+N.. SAM 10093 0206 8636  T.587  7.298
- ERGA 14128 9204 8856 8653  BL87

SSIM 0865 0948 0955 0960  0.962
FSIM 0966 0974 0975 0975  0.976

y = RHXWXS

=

7ZE RthxS

Table 3. Average performance of the competing methods over 16
testing samples of Chikusei data set with respect to 5 PQIs.

PSNE SAM  ERGAS aalM FaIM

FUSE 26.59 192 27143 0.718 0.860
ICCV15 nmn 308 178.14 0.779 0.870
GLP-HS 28.85 4.17 163.60 0.7% 0.903
SFIM-HS 28.50 4122 167.85 0.793 0.900
GSA 27.08 539 238.63 0673 0.835
CNME 2878 384 173.41 0780 0.898
M-FUSE 24.85 6.62 282.02 0.642 0.849
SASFM 24.93 T.95 36935 0.636 0.845
PNN 24.30 4.26 157.49 077 0.807
ID-CNN 30.51 302 129.11 0.869 0.933
ResNet 29.35 369 144,12 0866 0.930
MHF-net 31.26 3.02 109.55 0.390 0.946

i
HXW X (r—s) HXWX(r—s)

1 X 1 convolution m upSampleal(ik)(')

m proxNetgl(’k)(.) downSamplegék)(-)

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

s Xie, Zhao, Meng, Xu, CVPR, 2019
k




More Attempts

min £(0) =|| X —H o B—HoF - R +A || F |rv
K nk
- - . +oa | H ||sprv +8 || H |2 +bZ Z | Mgs |1 Li et al
Single image deraining k=15=1 &1 Al
st.  B=FoldUTV) CVPR, 2018
K =
R=>% Di. @M., | Di|F<1,
k=1a=1
N 2
Pg'— i _V.
max Z(%+ Qi In(lo;)— Qi Y;—In(Q;) —In; € ”f)
Low-dose CT Enhancement nO.bi a Xie, et al.,
2 ,
- Euag}f’n:ﬁ — 2M In(b). TMI, 2018

min — Y log N((X; — UVT);0,07)

Leision Detection i, Wang, et al.,
K

_ Z lngz TN (Xo = UVI)40,03) TMI, 2019

i, £ k=1
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Model-driven Methodology: What we want?




Model-driven Methodology: Generative Understanding

arg r?ien Lo(Y—27) + R(Z) + R(6)

z~p(z); e~p(e; 6) ‘ p(z ely)~likelihood(y|z, e)p(z)p(e)



Varational Posterior

p(z, 0%y » q(z,0°y) = a(z|y)a(o”|y)

q(zly) = H N (2| s (y; H"'} m; {yHD)} [ D-Net }

_______

_______

_________

______________

i Network parameters W_D and W_S are shared by posteriors |

1 calculated on all fraining data }}J
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Yue, Yong, Zhao, Meng, NeurlPS, 2019




Objective: Minimizing KL Divergence

||| |
' wows Drr(a(z,0%y)llp(z, 0%y))
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- Variational Inference!



Implementation Scheme
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* Dy (q(e®|¥)Ip(e?))

¥y
__________________ .
: Variational Posterior: :
'—' ' ' ' : (e -teres :
L demslen

S5-Net: Sigma Network

Yue, Yong, Zhao, Meng, NeurlPS, 2019




More Explanations on Rationality of This Objective

| Variational Posterior:
| q(zly) = N (zlp.m?)
' q(e®|y) = 1G(o|a. B)

Yue, Yong, Zhao, Meng, NeurlPS, 2019

{ Extracted Noise Distribution }
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