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Imaging 1s everywhere piversityinSELous

Imaging in microscopy imaging in photography imaging in astronomy
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Big shift in 1maging UniversityinStlouis

* Imaging not by taking pictures but by computing pictures
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Computational imaging applications i:i}’ggfy‘m“ls‘gtﬁuﬁl

* In computational imaging, we don’t have direct access to the thing we want

imaging skeleton imaging blackhole imaging infant



A simple microscopy imaging problem (Acquisition) g eningon
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soure: [Ulugbek Kamilov]




A simple microscopy 1maging problem (Reconstruction) ljm?e‘fgfjmms‘gtbmu‘;

measurements image of cells

Computational Imaging is the process of indirectly forming
images from measurements using algorithms that rely on a

significant amount of computing.


https://en.wikipedia.org/wiki/Computational_imaging

Imaging needs two procedures V&Xﬁfylmmslgmt:u%
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Imaging as an inverse problem Um}’e‘fify*mms‘gtb“:uﬁl

Signal Acquisition Procedure

Forward problem: generate y from

unknown (target) known |
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Inverse problem: recover x from y

Image Reconstruction Procedure 8



Imaging inverse problems are challenging Um}’e‘fgfy‘mms‘gtbmu{;

Inverse problem: recover x fromy 00 ------e- |

What makes 1imaging inverse problems challenging?

% Solution 1s not unique
<+ Measurements are noisy

 Image x can be high-dimensional



Computation imaging methods Um}’e‘fify‘mms‘gtﬁuﬁ

* Formulate it as a regularized optimization task (model-based optimization)

data-fidelity =~ prior/regularizer

—argmln{g( )+ h(x)} example:

* Learn an end-to-end mapping

Input

deep neural network

— (sl —

& — arg min{ 3 [H(@) ~ yl* + h(e)}

outputs

____________

soure: [Zakharov’'19]
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Computation imaging methods mee(r/g‘f’ylmms'gtﬁu%

* Formulate it as a regularized optimization task (model-based optimization)

data-fidelity =~ prior/regularizer 1
x=argmin{g(x)+h(x)} example: Z = arg m|n{§||H(a3) —y||* + h(x)}

* Learn an end-to-end mapping

___ tnput deep neural network outputs

— (sl —

soure: [Zakharov’19]
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Today we will talk about

1. Introduction to Plug-and-Play Priors (PnP)

* Denoiser strength selecting challenge i
* Optimization interpretation and convergence analysis challenge |

_____________________________________________________________________________________________________________

____________________________________________________________________________________________________________

2. Denoiser scaling technique

i * [Xu’20(1)] X. Xu et.al. Boosting the Performance of Plug-and-Play Priors via Denoiser Scaling

' 3. Optimization interpretation and convergence analysis of PnP with MMSE denoisers
o [Xu20(2)] X. Xu et.al. Provable Convergence of Plug-and-Play Priors With MMSE Denoisers, i
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Imaging as a regularized optimization task Umﬁﬁ‘mms‘gtbmu‘;

* Recall our regularized optimization task
data-fidelity =~ prior/regularizer

fv\:argwmin{g(w) +h(x)}

Example: Fast iterative shrinkage/thresholding algorithm (FIS'TA) [Nesterov’13] &
Alternating direction method of multipliers (ADMM) [Boyd’10]

FISTA o _____________________é?l_\il_l\_/l_ __________________
2F  sF71 — 4 vg(shTT) 2F « prox.,, ("7t — sF71)
x" proxvh( zF) " proxvh(zk + s
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Proximal algorithms Xﬁf’ym&gbﬁ

_____________________

| model prior
, . . ‘x=argmin{g(x)+h(x)}
* Let’s take a closer look at these two proximal algorithms e |

FISTA ADMM
2P — "1 — 4V g(sFTT) increase data consistency 2P proxw(,’Jz:"C_1 — sk
xh — proxvh(zk) reduce noise xh proxvh(zk + sF1)
s — 2" + ((qp_1 — 1) /qp)(x" — "1 sP — sFT1 4 (28 — 2P

image denoiser for

AWGN

_____________________________________________________________________________________

1
Definition: prox.p,(2) := arg min{§||a: — z||3 + vh(z)}
L
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- : & Washington
Proximal algorithms s

model prior
, . ) x=argmin{g(x)+h(x)}
* Let’s take a closer look at these two proximal algorithms :

FISTA ADMM
2P sFT1 4V g(shTT) increase data consistency 2P prox,yg(arzk_1 — st
" prox,yh(zk) reduce noise xh proxvh(zk + sF1)
s — 2" + ((qp_1 — 1) /qp)(x" — "1 st s 4 (28 — ")

= o e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e M e e e e e e e e e e e M e e e e e e e e e e e mm e e e e e m e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e

 Plug and Play Prior (PnP) [Venkat’13]:
simply replace the proximal map with other denoisers D!

prox.;, = Do



PnP: Incorporating a denoiser in the optimization Um}’e‘fgfy‘mms‘gtﬁﬁ;

* Plug-and-Play (PnP) embraces off-the-shelt 1image denozisers

PnP-FISTA PnP-ADMM
2F =51 —4Vg(shT) 2k = proxw(ﬂl:’“_]L — s 1)
2k — Dg(zk) any oﬁ"—the-sbelf 2k — Dg(zk 4 Sk—l)
y . . — image denoiser . - y .
s'=z" + (-1 — 1) /aqr)(@" — ") s'=8""+(z"—x")

= o e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e M e e e e e e e e e e e M e e e e e e e e e e e mm e e e e e m e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e

Example: D, could be a neural network

Convolutional Neural Networks

(CNNs)

— (osef




PnP: Incorporating a denoiser in the optimization Um}’ggfy‘mms‘gtﬁﬁ;

* Plug-and-Play (PnP) embraces off-the-shelt 1image denozisers

PnP-FISTA PnP-ADMM
Zk: _ Sk—l . ’ng(sk_l) Zk _ proxvg(wk_l . Sk:—l)
x® = D, (z") o =7 " = D, (2" 4+ s*71)
s' =" + ((qu-1 — 1) /) (®" — ") st =s""1+ (2" — 2"

. However, ...

. <+ Many CNNs denoisers do not have a tunable parameter for the noise standard
deviation!

_________________________________________________________________________________________________________________________



PnP: Incorporating a denoiser in the optimization Um}’ggfy‘mms‘gtﬁ‘;

* Plug-and-Play (PnP) embraces off-the-shelt 1image denozisers

PnP-FISTA PnP-ADMM
2 — g1 _ yvg(shl) 2% = prox, (@1 — s571)
x® = D, (z") o =7 x® = D, (2" + s"71)
s = 2F + ((go-1 — 1)/g0)(@" — ") s = s+ (2 - 2)

= o e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e M e e e e e e e e e e e M e e e e e e e e e e e mm e e e e e m e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e
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Proposed denoiser scaling technique UniverstyinSelous

* Plug-and-Play (PnP) embraces off-the-shelt 1image denozisers

PnP-FISTA PnP-ADMM
zk: _ Sk 1 ’ng(sk_l) zk _ prox,yg(zck_l L Skz—l)
x® = D, (z") o =7 " = D, (2" 4+ s*71)
st =a" + ((gr—1 — 1)/qu) (=" —2"7) st =s""1+ (2" — 2

= o e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e M e e e e e e e e e e e M e e e e e e e e e e e mm e e e e e m e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e

° Our proposal [ Xu’20(1)] : denoiser scaling

& Introduce a tunable parameter | to adjust the denoising strength of a pre-trained GNN



Performance ot denoiser scaling

% Washington

Unlvers1ty inSt.Louis

* CNN trained on noise level o = 20, applied on noise level o = 30, difference A, =10.

Noisy image:

z

Corrupted (SNR = 9.58 dB)

Without scaling:
z=D,(2)

Unscaled (SNR = 17.93 dB)

With scaling:
zZ=p 'Dy(pz)

Scaled (SNR = 22.81 dB)

20
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Performance of denoiser scaling Xﬂfylmms'gmmu?s

* CNN trained on noise level o = 20, applied on noise level o = 30, difference A, =10.

Ground truth Corrupted image(o = 30) Unscaled Scaled Optimized

B~ = A; =2 l > F..‘__A_;qe‘éﬂ‘;

“1986aBl . A ST B

22
*Number written to image is signal-to-noise ratio (SNR)



Performance of denoiser scaling » Heshingion

* CNN trained on noise level o = 20, applied on noise level o = 40, difference A, =20.

Ground truth Corrupted image(o = 40) Unscaled Scaled Optimized

23
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T'heoretical analysis of denoiser scaling e

* Denoiser scaling 1s proved to have the following properties:

& When the denoiser 1s a minimum mean-squared error (MMSE) denoiser, adjusting
Il is equivalent to scale the variance of AWGN by p~2 in the MMSE estimation.

1
@When denoiser is a proximal map prox,,(z) := arg min{ 7 ||z — z||3 + ()} | where
regularizer 4(-) is |-homogeneous with A(lL - ) = [ A(+), adjusting |1 1s equivalent to
adjusting the weighting parameter A of 4.

DnCNN* BM3D o TV
31 DnCNN* (Optimized) T BM3D (Optimized) -

TV (Optimized)

SNR (dB)

log, p logy 1 log, p

24
*Plots are generated with noisy image at noise level o = 7.23



PnP algorithms with denoiser scaling Um?!gfy‘mms’gﬁu‘;

* PnP algorithms with denoiser scaling

PnP-FISTA PnP-ADMM
zk:sk_l—nyg(skl) ____________________ 2k = prox,yg(a:]‘€ L_shh
x" = D, (2") " =D, ((2F +s" 1)) |
sk =k + (g1 — D)/g)(@" — 2" st = 8471 4 (25 — 2b)

_________________ Scaled PoP-FISTA ... ScaledPnP-ADMM
Sk gh—1 _ WVg(sk_l) i i Sk proxvg(zck_l . Sk:—l) :
= 17 'Do (uz") = 1D, (u(2F + sF71))

8 =& + (g1 — 1)/a) (@ — &) | = st (F - o) ’

25



Inverse problem examples Um}’!?fylm’ms“?bu‘;

* Image Super-resolution (SR) and Magnetic resonance imaging (MRI) problem

Low-resolution image High resolution image

SR inverse problem

Under-sampled frequencies

MRI inverse problem

26



Scaling performance in image SR problem Um?e‘fgfy‘mms‘gtﬁﬁ

* Scaling technique can sharpen the blurry edges caused by the suboptimal denoiser.

Unscaled CNN Scaled CNN (Ours) Optimized

J &
4_//

Y > 47.09dB




Scaling performance in MRI problem [jm}’e‘fgfylmms‘gtﬁﬁ

* Scaling technique can alleviate the artifacts caused by the suboptimal denoiser.

Ground truth Unscaled CNN Scaled CNN (Ours) Optimized

" e e > L

19.98 dB 24.07 dB 23.67 dB

$4.09 dB 10.4 dB e



T'heoretical challenge of PnP scheme ijm}’gify*mms’?&iﬁl

 Denoiser scaling can effectively boost the performance of PnP algorithms and
achieve the optimal results for different popular denoisers!

: However, ....

<+ PnP algorithm lose the interpretation as an optimization problem for an
arbitrary denoiser.

29



T'heoretical challenge of PnP scheme ijm}’gifylmms‘gt&iﬁl

* PnP algorithm lose the interpretation as an optimization problem for an arbitrary
denoiser.

FISTA PnP-FISTA

denoiser

any off-the-shelf:

objective function objective function
- prior ! ) prior
 =argmin{g(x) +h(z)} :  x=argmin{g(x)+i 7 i}

______________________________________________________________________

For most off-the-shelf
denoisers, it is impossible to
write an explicit regularizer!

30



Provable Convergence of PnP with MMSE. denoisers Xﬂglm‘i‘s’gﬁuﬁ;

* Can we build a relationship between some cost function f and some type of denoisers
when running PnP?

* Yes! Let’s consider a MMSE denoiser:

Da(y):]E[w‘y] where y=x—re, GNN(O,O'QI), L~ Pg -

y Convergence of PnP-ISTA with MMSE denoisers [ For details, see Xu’ 20(2)]

' o The iterates produced by PnP-ISTA with an MMSE denoiser converge to
' a stationary point of some global cost function.

— o ||& =D (@)|> + T ho (D7 () for zeX



Provable Convergence of PnP with MMSE denoisers ;jm}’e‘fgf}mms‘gtﬁ%

* Convergence and reconstruction performance of using MMSE denoiser and
DnCNN for Bernoulli-Gaussian signals in compressive sensing

— PnP-ISTA (MMSE) ||
— PnP-ISTA (DnCNN)
% o
= c
~ o«
) %
g
— PnP-ISTA (MMSE)
— PnP-ISTA (DnCNN)
01 — LASSO 1o
1 lterations 100 1 lterations 100
Convergence of PnP-ISTA for exact and approximate Convergence of PnP-ISTA for exact and approximate

MMSE denoisers on loss function. MMSE denoisers on SNR.

32



Summary of the talk ingitn

1. Introduction to Plug-and-Play Priors (PnP)

. * Denoiser strength selecting challenge |
'+ Optimization interpretation and convergence analysis challenge I

____________________________________________________________________________________________________________________

2. Denoiser scaling technique [Xu’20(1)]

. » We proposed a denoiser scaling technique that can help with the denoising strength tuning especially

for CNN type of denoisers. |

* We showed that denoiser scaling can effectively boost the performance of PnP algorithms and achieve
the optimal results.

3. Optimization interpretation and convergence analysis of PnP with MMSE denoisers [ Xu’20(2)]

* We show that the iterates produced by PnP-ISTA with an MMSE denoiser converge to a stationary i
point of some global cost function. |
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