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How to see neurons firing?
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Lensless endoscopy: focused mode
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A closer look to sensing model
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A closer look to sensing model

Back to the model... photo-
detector MCF

SLM
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Speckles are interferences: (uUnder far-field approximation)

pa(@) x wz) ¢, ajaess @) =
wil;(():i\c/)W

Why would this behave as a random Gaussian sensing?
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(noiseless) Interferometric sensing model

Assuming ¢a(x) = w(z) Y7, ajages @) @,

27

Yo = (Par F) = Sy 0y [ [ €35 (@70 2y () f(a)dez],
=" Z|lwf| a,

with the (Hermitian) interferometric matrix Z|wf] € CO*¥ s.t.

(Zlwf]) .k ::/ e (70 @ (@) f () da

RQ
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(noiseless) Interferometric sensing model

Assuming pa(@) = w(z) X%, _; ajafeXt (@00 @

27

(o F) = STy ajaf [ fpe €32 @0 () f(z)da],
o Tlwf]a,

Yo

with the (Hermitian) interferometric matrix Z|wf] € CO*¥ s.t.
i T
(Tlwfiwi= [ XG0 u(@)f(@) do
R2

1 Observation: denser Fourier sampling if

Flwf] o {qg;, —q; V1 <j,k<Q} ~Q7

¥y > >+ Lattices are bad core arrangements

° + Fermat’s spiral is not bad
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(noiseless) Interferometric sensing model

Assuming pa(@) = w(z) X%, _; ajafeXt (@00 @

27

(o F) = STy ajaf [ fpe €32 @0 () f(z)da],
o Tlwf]a,

Yo

with the (Hermitian) interferometric matrix Z|wf] € CO*¥ s.t.

(Zlwf]) ik : /R2 e (470 () f () da

N

Similarity with radioastronomy!

| 1 telescope pair
\ at 1instant 14



(noiseless) Interferometric sensing model

General model:

Yo = & L|wf| a + noise,
= tr(a o™ Z|wf]) + noise,
(aa™, Z|wf])p + noise,

Rank-one projection
of Z|wf]

Y= (Yar: 1 Yan) = AZwf]) = {{a;a], Zwf)r}il,,

% Chen, Y., Chi, Y., & Goldsmith, A. J. (2015). Exact and stable covariance estimation from quadratic
sampling via convex programming. IEEE Transactions on Information Theory, 61(7), 4034-4059.

% Cai, T. T., & Zhang, A. (2015). ROP: Matrix recovery via rank-one projections. The Annals of Statistics,
43(1), 102-138.
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(noiseless) Interferometric sensing model

General model:
Y= War " Yan) = AZ[wf])+ noise,
with A(M) := {{a;a;, M)r}" ;. (ROP)

Sample complexities of interest:

Does A capture enough from Z? <> m big enough?

Does Z capture enough from f7 <+ () big enough?
Core arrangement?’

First answers from a few simplifications ...

% Chen, Y., Chi, Y., & Goldsmith, A. J. (2015). Exact and stable covariance estimation from quadratic
sampling via convex programming. IEEE Transactions on Information Theory, 61(7), 4034-4059.

% Cai, T. T., & Zhang, A. (2015). ROP: Matrix recovery via rank-one projections. The Annals of Statistics,
43(1), 102-138.
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Simplifications

1. We consider a 1-D context: q; € R? — ¢; € R

2. Cores positioned on a regular grid: q; €{A,24,--- ,NA}
(wlog, A =1)
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Simplifications

1. We consider a 1-D context: q; € R? — ¢; € R
2. Cores positioned on a regular grid: gj €{4,24,--- ,NA}
(wlog, A =1)

Interferometric sensing model: Moiseless & Reloaded)
Yo = Tlwfla=0"Twf|B, (—=y=DBT)
with B8 = B(a) := Z]Q:l aje,., {extr, C RY canonical basis, and

(Tlwf])jp = [pex=U P2 w(z)f(v)de.  Eerded
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Simplifications

1. We consider a 1-D context: q; € R? — ¢; € R
2. Cores positioned on a regular grid: gj €{4,24,--- ,NA}
(wlog, A =1)

Interferometric sensing model: Moiseless & Reloaded)
Yo = Tlwfla=0"Twf|B, (—=y=DBT)
with B8 = B(a) := Z]Q:l aje,., {extr, C RY canonical basis, and

o 27 (G k ded
(Twf)jn = Jgex=VM%w(z)f(x)dz. e
Facts:
- J € CN*V is Hermitian & Toeplitz, i.e. (T)jx = (T)j—k = (T )i s

> if f,w >0, then J is PSD:;

> if f =5, wo(x —x¢) (with ¢ > 0,2; € R), then J has rank r, since

T =5 nw(x:) uu*; with u:= {ei_?k}]kvzl.

= complexity of J is r (not rV)
19



Possible 2-step reconstruction algorithm

_1. Reconstruct J with [Chen, 15]

J = argmin | M|, st. M =0, |ly—B[M]|: <e,

Me(CNXN . .
M is Toeplitz.

2.Unfold J — get an estimate of the FT Flwf] of wf.

3. Inverse the FT and get wf (at a resolution limited by N and A)

% Chen, Y, Chi, Y., & Goldsmith, A. ). (2015). Exact and stable covariance estimation from quadratic

sampling via convex programming. IEEE Transactions on Information Theory, 61(7), 4034-4059. -



Possible 2-step reconstruction algorithm

_1. Reconstruct J with [Chen, 15]

J = argmin | M|, st. M =0, |ly—B[M]|: <e,

Me(CNXN . .
M is Toeplitz.

2.Unfold J — get an estimate of the FT Flwf] of wf.

3. Inverse the FT and get wf (at a resolution limited by N and A)

Theorem. [Chen ’15] If 3 is sub-Gaussian (i.i.d 3;, ||B:||4, = O(1)),
then, provided |noise|| < ¢, and

m > Crlog'’ N,
(Partial answer)
we have (uniformly over any rank-r J)

NG

% Chen, Y, Chi, Y., & Goldsmith, A. ). (2015). Exact and stable covariance estimation from quadratic
sampling via convex programming. IEEE Transactions on Information Theory, 61(7), 4034-4059.

T - Tlr <C
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Simulations (1-D)

In practice, we solve (with Aomm)
f = arg min Iflln st fly — AZ[wo f]ll2 <&,

Transition matrices (1-D case):
r-sparse signals
Random core arrangement
Complex Gaussian ROP

60 trials
Success if > 40 dB
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Simulations (1-D)

In practice, we solve (with Aomm)
f = arg min Iflln st fly — AZ[wo f]ll2 <&,

Success
rate

1.0

Transition matrices (1-D case):

0.8

r-sparse signals . 5
Random core arrangement 42 .y
Complex Gaussian ROP () 2 02

0.0

60 trials 10
Success if > 40 dB

Observations: 12

0 . “m Z CT” lf Q large Success
rate
OO: “‘min(m,Q) > Cr”
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Simulations (2-D)

Extending the reconstruction in 2-D.  (preliminary results)

Ground truth Noiseless reconstruction Noiseless reconstruction

0 1.05 0 1.05 0 1.05
10 0.90 10 0.90 10 0.90
20 075 075 o 0.75
0.60 0.60 0.60
30 30 30
0.45 0.45 0.45
40 ¢ 40 40 ¢
) 0.30 0.30 : ) 0.30
50 50 50
0.15 0.15 0.15
60 60 60
0.00 0.00 ’ 0.00
0 20 40 60 0 20 40 60 0 20 40 60
m/r=5 m/N = 8% m/r =10 m/N = 16%

SNR = 5.71dB SNR = 21.26dB

& SNR > 40dB for m/r = 20

Sensing parameters: N = 4096 = 64 x 64, () = 100.
Object parameter: r = 64 (= sparsity level)

Actual experiments are ongoing...
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Take away messages:

Fluorescent compressive speckle imaging (with MCF)
follows an interferometric sensing model;

This model amounts to “rank-one projecting”
an interferometric Toeplitz matrix 7 [wf ];

Sparse images lead to low-rank 7 [wf ]
that can be recovered.

Open questions:

Theoretical guarantees for sparse random vectors «;

Using more advanced sparsity models:
e.g., sparsity in levels + wavelets, weighted sparsity;

Optimization of core arrangements.
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Thank you for your attention
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