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Problem formulation

Principle of optical diffraction tomgraphy
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Goal: recover η(r) through {yρ(r)}ρ

Composite minimization problem:
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Features: ∇ fρ expensive, fρ nonconvex, TV(·) nonsmooth, constrained convex set C
Classical solver: accelerated stochastic proximal method (ASPM){
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Proposed method

Our mini-batch quasi-Newton proximal Method:
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where κKs(k, t) = mod(k−1− t,Ks)+1 and BκKs(k,t)
k−t is the approximate Hessian

(symmetric rank-1) of Ft at kth iteration.
(1) is equivalent to
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If BκKs(k,t)
k−t = I, ∀t, (2) is equivalent to prox(·).

Estimate Bk ∈ RN×N: Ks = 3 example

Bk � 0 := Dk±Uk(Uk)T , Uk ∈ RN×Ks

Total variation preliminaries — x ∈ RN

Isotropic TV:
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while the anisotropic version is
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Equivalent formulation:
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where P = [c1 · · ·cN] = [r1 · · ·rd]
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Compute (2) efficiently from the dual formulation

Dual problem of (2)
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is the smallest eigenvalue of Bk.

Theorem

[2, Theorem 3.4] Let W = Σ±UUT , W � 0 ∈RN×N, and U ∈RN×r̃. Then, it holds that
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Numerical experiment — real data

Experimental setting:

A yeast cell immersed in water (η0 = 1.338)
L = 60 incident plane waves (wavelength: 532nm) embedded in a cone of
illumination whose half-angle is 35◦

The discretized volume has 963 voxels of size 993nm3

60×1502 measurements, i.e., yρ ∈ C150×150, Ks = 5 and run on a GPU
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Open problems

Convergence (rate) and recovery guarantee?
Nonsmooth mini-batch quasi-Newton proximal? – only know {|yρ|}ρ

More accurate forward model? – Maxwell’s equations?
Nonlinear acceleration? – Anderson? (nonsmoothness & constraints)
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