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Deep Learning and medical image reconstruction

® Wide diversity of Deep Learning techniques (DL) to solve inverse
problems with promlsmg experimental results

® Stable and plausible instabilities (" hallucinations”) observed in
medical image reconstruction with DL (Antun 20, Gottschllng 20)

v| (cropped) J(A(x + 71 + ) (cropped)

Stable instabilities (Vegard'20)
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Deep Learning for PET reconstruction

¢ |ll-posed tomographic inverse problem with Poisson data =
Instabilities at low-dose?

7 n

g
8 &
g g
5 5
2 ]
S I*]
£ 2

s
kl 8

Effect of dose reduction (/60) on measured data

® |earning/validating in a typically low data regime in a medical
context (O(10 — 100) exams) = Robustness?

® Large scale tomographic 3D /4D inverse problem (O(107 — 108)
variables) = Numerical efficiency?

Develop & validate robust and numerically efficient low-count PET
reconstruction schemes using DL
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Developing robust DL methods

Strategy

® Focus on learning what need to be learned (not the forward model!)

® Focus on supervised learning even though small research databases
(constrained learning, fewer parameters)

Use tools from statistics, optimization to understand robustness
issues and propose a robust reconstruction method

Develop validation tools for PET DL reconstructed images?

4/24



Hybrid DL/MBIR methods

Hybrid techniques:
® Reconstruction bricks/layers from convex optimization
® | earned adaptive (implicit) regularization

® More control on the reconstruction (mathematical characterization)

Unfolding Synthesis Plug-and-Play
Learning End-to-end offline offline
Optimisation
with network End-to-end Yes No
Memory load X Nunrol Nparams o8 Nparams X Nparams
Convergence Not in practice 7 Yes
(Nunroll)
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Iti-tsl <<

Scattered event
Random coincidence

True coincidence

Statistical forward model (physics, geometry of scanner, potentially
pharmacodynamics) for quantitative imaging
Yit: data in LOR i frame t

h; = [hij]jepn,: line i of H
yie =P <hi7xt>+§it+Fit : puet
——

x: € R activity for frame t

b _ _ .
4 Sjt. scatter, r;: randoms expectations

Applications in:

® Oncology ® Neurology ® Pharmacology
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From MBIR

Model-based reconstruction (e.g. ML-EM)

%= argmin f(x;y,b) + R(x) <= 0€ O(f + ¢ v + R)(X)
—_——— 2

x€[0,+ N
€[0,+o0[ e

where f(x;y,b) = ¥, [ylm log( {22—) + [Hx + blm — [y]m.
Many algorithms T¢ such that X = T¢(X,y).

Choice for T¢: common reconstruction algorithms are based on

® with smooth priors: Majorization-Minimization with Bregman
majorants (Rossignol'22), Forward-Backward

® with non smooth priors: ADMM /Douglas-Rachford
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... to PnP

-
regularization

Xo — | data consistency data consistency — —— | data consistency — x*

PnP iterations
(Vn e N) X" = T¢(x",0R,y) X" = T¢(x", proxg, y)

(VneN)  x""t = T¢(x", NN,y)

@ How to choose T¢7?
@® How to choose NN such that (x"),en converges to some X?
©® Can we characterize x?

@ Can we control to which X the sequence (x"),cn converges?
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Algorithm PnP ADMM (Pesquet'21)

Require: Do : R" [0, 4-0o["
forn=0to N—1do
x" = prox,\¢(z" —u")

Zn+1 — De(xn+1 + un)
un+1 — un 4 Xn+1 _ zn+1

end for

Algorithm PnP FB (Hurault'22)

forn=0to N—-1do

Backtracking on 7 given C, x"*! and x"
X" = prox,¢({De.cs(x") + (1 — )x")

end for

Two PnP algorithms

When Dg is the resolvent of a
maximal monotone operator
(MMO) i.e. Dg is FNE, x" and
z" converge to X

provided there exists at
least 1 fixed point

If Id — D@,GS = VR@ is
L-Lipschitz, AL > 7 >0

® x" converges to X, such

that for
C=f+ Lo, +oo0[M + Re//\,
0C(x)/0x =0

® (C(x") is non-increasing.

&no uniqueness of stationary
points

9/24



Two PnP algorithms

Algorithm PnP ADMM (Pesquet'21)

Require: Do : RY — [0, 4+-0o[" 2Dg — Id is 1-Lipschitz:
for n =10 to N —1do — Lipschitz regularization
n+1 __ n n
X = proxw\f(z —u") B max{|[|3pg —1a I + ¢ = 1,031+ with

% = rxXgy + (1 — K)xin, £~ U0, 1]
Zn+1 — De(xn+1 + un)

un+1 — un 4 Xn+1 _ zn+1
end for
Do,gs = Id — VRe: compose
Algorithm PnP FB (Hurault'22) potential function (e.g.
for n—0to N — 1 do id — -||?) with some Ng and
compute gradient
Backtracking on 7 given C, x"*! and x" (De,as # No) -
X" = prox, ¢(5De,as(x") + (1 — $)x") Do as(x)=Ne(x) + JNe(X)(X —Ne(x))
end for
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Model agnostic

® Off-the-shelf non deep
denoisers (Heide'14)

® Gaussian deep denoisers as prox
surrogates: Bayesian
interpretation (Meinhardt'17,
Pesquet’'21)

® Denoising score matching for
learning VR

Learning the prior in PnP

Model dependent

® [n PET: Prox surrogate
mapping low-to-standard dose
images (Sureau'21)

® Adversarial regularization noisy
and "clean” images (Cohen'21,
Chand'24)
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Training Dg and Dg gs as low- to high-dose denoisers

® Brain simulation ['®F]-FDG (Biograph 6 TrueP/TrueV)
® MRI/PET on 14 patients (11 for training)
® PET piecewise constant phantoms (100 anatomical regions)

® Simulations with normalization, attenuation, scatter, randoms,
resolution modeling (4mm)

® Augmentation with dose variations (11 patients x 10 doses)
® References = CASToR reconstructions
® Inputs = CASToR reconstructions with fewer counts (/ 5)

e Differentiable U-net like architectures

When D%)H and Dg.{as are trained on the same task, winner between
PnP FB and PnP ADMM?
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In principle, CNS on PnP FB lighter but...

Log Likelihood

Log Likelihood

8.86 x 107
8.855 x 107
8.85x 107
8.845 x 107
8.84 x 107
8.835 x 107

8.83x 107

1.774 x 107
1.772x 107

177 x 107
1.768 x 107
1.766 x 107

1.764 x 107

—— PNPADMMWith DY - EM(50) ]
—— PnPFB with DY'es ---- EM (100)
Z
//
7
le+5 le+6 let7
Hyperparameter A
PNPADMM with DY ---- EM (50) |
—— PnPFB with DYy ---- EM (100)
le+5 le+6 le+7
Hyperparameter A

10°
------------- —— PNPADMMwith DY ---- EM(50) -
— PnPFBwWith D'y, ~~~" EM(100)
9 6x10¢
= v
4x10% =
le+5 le+6 le+7
Hyperparameter A
10°
_____________ —— PnPADMM with DY ---- EM (50) ]
—— PnPFBwWith DY\, -~ EM(100)
6x10%
w
g 4x10% -
3x10* /
2x10% |
le+5 le+6 le+7
Hyperparameter A

— Similar images with PnP ADMM and PnP FB
— High sensitivity to hyperparameters (oversmooth)
— What can be said about the fixed point?
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(VneN)  x"™=Tc(x",0R,y)  x" = Tc(x",proxg,y)

(Vne€N)  x" = T¢(x", NN, y)

® How to choose T,7?

@® How to choose NN such that (x"),en converges to some X?
©® Can we characterize X7

O Can we control to which X the sequence (x"),en converges?
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Characterizing the fixed points

® PnP FB with learned gradient Dg gg (for X € int([0, +oo["))
0 € Vi(xy) + (X — De,as(X))/A

® PnP ADMM with learned prox surrogate Dg (for
% € int([0, +oo["))

% =Do(X— \VF(Xy)) (FP)

— Use (FP) for training Dg in PnP ADMM
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Characterizing the fixed points

In practice

We want xgp = Do (xap — Avain VI (XuD; YLD)), we choose to minimize

Do(Xxup — ATrain VF (XuD; — X 2
Do (xrp Trauhx (”I;ID yup)) =xupll, . = arvainx v/[[Fixan + Bl
HD

and we want the existence and uniqueness of the fixed point

f < f+ g” . —XEMH2 (C = 10_6)

Féjer monotonicity of (x™! + u") — B max{|||hpe—1a (X)||| + € — 1,0}
with X € By —xi | (Xin) given x° = xgm and u® =0

/\Only Dg locally FNE needed
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Evaluation with fixed point resolvent

10° e e ]
_____________ — PoP ADMMwith Dy M50 ] 886X 107F __ pnp ADMMwith Do --— EM (50)
—— PnPADMM with D§' == EM (100) 8.855x107| — PnPADMMwith Dg' === EM (100)
ith DL —— PnPFB with D"
—— PnPFB with Dyeg B sasx107 5os
<
@ 6x10 d T 8.845x 107
= =1
7 g 8.84x107
/
/ 8.835 x 107 J
" —/
4x10 — 883x 107
le+5 le+6 le+7 le+5 le+6 le+7
Hyperparameter A Hyperparameter A

— lowest MSE similar with previous PnP-ADMM with DI(:)H and
PnP-FB with Dg';g but across a wider range of X

B T e e e e 108
Models
® PnP ADMM (EM init)
Models 6x 10 x  PnP ADMM (zero init)

e PnP ADMM (EM init)
PnP ADMM (zero init)
*  PnP ADMM w/o jac

V206 1111
X

0 5 0 15 20 25 30 0 5 10 15 20 25 30
PnP iteration n PnP iteration n
0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0

A 1e7 A 1e7
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Evaluation of different FNE architectures

/\ Jacobian regularization (B max{|||Japg—1a (X)||| + € — 1,0}1F2) is
costly and very sensitive to HP

Architecture

FNE by design

# params

Approx. # epochs Runtime
time/epoch  with jac
Do U-net No 1 079 000 2h 20 Fast
DEN DnCNN with Yes 167 620 1min - Fast
spectral norm
DgU Unfolding No but close 59 689 3h 3 o< Mayers =
(Pustelnik’23) 10
DSPR Deep Yes 18 298 2h - o Niger =
equilibrium 1000
O

PET Input
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— Evaluation on 50 data replicates from the same phantom

(multiscale/ROIl-based analysis)
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Post-processing PnP-Unet (Gaussian) MBIR (Fair)

&4

PnP-DEQ PnP-Unet

EM (LD) EM (HD) Phantom
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Test on real PET data
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® PnP reconstruction for PET based on ADMM /DR with convergence

guarantees and existence of a unique fixed point (available in CASToR -
F. Sureau)

® interest of learning a resolvent of a MMO for reconstruction

® constrained network (DEQ, DU) embedding prior knowledge easier
training/more robust

® No need for overparameterized operators

® investigate further relationship between optimization and Jacobian
regularization

® MRI conditioning of the learned operator

® investigate further the robustness of our approach to data perturbation
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