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Prox,, vg (x) =arg minge c axMR (u)+ 3 |lu—x|3
Acceleration

{ Xir1 = proXg yr(Vk — ak Yo Vin(vi))
Vit = Xpp1+cr(Xepr —Xg)

Stochastic? Choose some m as an estimation for Y, Vf,, (x)

— At each iteration computation is independent of M.

Remark: for R(Dx) (e.g., TV), we need iterative solvers for proxg(x). m
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2. Q: Too many m? A: Stochastic behavior
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Our Solution: Mini-batch & Second-order

mm—me )+ATV(x), A>0

xeC M

A Mini-Batch Quasi-Newton Proximal Method for
Constrained Total-Variation Nonlinear Image
Reconstruction

Tao Hong, Thanh-an Pham, Irad Yavneh, and Michael Unser Fellow, IEEE
arXiv: 2307.02043

Abstract—Over the years, computational imaging with accu- and the tradeoff parameter A > 0 balances these two terms. The
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Challenging Issues (I) — Estimate By, (Mini-Batch)

Steps: Minge 17 Yonfon(¥) + ATV (x)
1. Split {1,2,---,M} into K, subsets {5}, that M =YX 5.

Then minyc - K% Y, Fi(x) +ATV(x) with Fy(x) = ﬁ Ynes.fm(X)

2. Build second-order approximation for each F;(x) locally that we
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Xk :arg‘,}éi? Z (<VFK1(X(/€J) (xXk—r),x —xk—t>

t

Fi(x)

1
g - X ) TBESE) (6 —x ) ) + KQJV(x)) ,
ak

Fi(x)

where Kk, (k,t) = mod(k — 1 —,K;) + 1.
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Estimate Bj Continue: SR1

mln—ZF, ) +ATV(x)

xeC K

Xi—6,VFieyk3)(%k—6) | | %k=5,VFik2)(¥k=5) | | Xk—4,VFie;(k.1) (Xk—-4)

X3, V3 (Xk-3) | %2,V (Xk—2) | [ %1,V (k1) (k1)

Update x; with K, =3

Kk, (k,t) =mod(k—1—1,K)+1
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Estimate By Continue: By =), = "-.+:---
Recall

Xk :argggg (Z ( <VFKKS(k,t) (xXk—1),x —xk,,>

t

1
o (=) BN (r—xi) ) + KTV ()

—argmin ( Ulx —well3, + @K ATV (x) )

g

By
PIOX, kyATv(.) ()

KK; k f)

Note By =¥, B, (By =D £ U UY) and

Bk IZ( k txk t— akVFKKy(k,,)(xk,t)) .
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Challenging Issues (Il) — Compute proxgg(‘)(x) Efficiently

B . 1
proxyy . (x) = argn}lmTV(u) +§H" — x|,

R(Du)

Dual formulation

Define £ : RU=DX 5 RIXU=1) 5 RIX/ that
L(P,Q)ij=P;ij+Qij—Pi1;—Qij1,Vi,],
The adjoint operator of £ : R/ — RU-1*/ 5 RIX(=1) jg
L7(X) = (P,Q),
that Pij = Xij — Xiy1,Qij = Xij — Xij1, Vi, ).
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Then x; = proxlgg (wk(P*,Q07))
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(Pr,@") =arg min (~|wi(P.Q) ~proxg. (we(P,0)) [

+we(P. Q)5 )
Gradient: —2a;KAL7 (proxgé (wi(P, Q)))
Lipschitz Constant: 16@minaz K2A? (240minai K>A?) for 2D (3D) &
Onin Smallest eigenvalue By,.
wi(P,Q) = vi — aKM(By) ' L(P,Q)
= (By)! Z ( B, (k, t)xk— — axVFy (11 (xk,,)>

k,t)

Recall {BK’“( =0 —Dkiu,(ut)(f} — By =Y,B! KKS (k,t)

Woodbury matrix identity m
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Challenging Issues (ll) — Compute proxIT}{,()(x) Continue

Gradient: —2a; KA L7 (prox8 (wi(P, Q))>

KKA k t)

Note By =Y, B, :D+UU”
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Challenging Issues (ll) — Compute proxl,;@(.)(x) Continue

Gradient: —2a; KA L7 (prox6 (wi(P, Q)))
Note B, = ¥, B™ ") . p r UUT

Theorem (Becker19 SIAMOPT)
LetW e RVN := D+ UUT withU € RN*" and N > r. Then,

prox)%(x) = proxh, (x FD~'UB"),

where B* € R” is the unique zero vector of the following nonlinear
equations

JB): U7 (x —prox(x ¥ D~'UB)) +B.
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Numerical Results - Real Data
e yeast cell & water (Rl=1.338)

o M = 60 incident plane waves (532nm) & cone illumination half
angle 35°

e Image size 96° &y, € C130*150 g g =5
e Compare with acc. stochastic prox. method (ASPM) & GPU
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