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Large-Scale Adapfive Opfics

» Extreme Adaptive Optics (EXAO), e.g. coronographs,
XAOPI (4K actuators),...

» Multi-Conjugate Adaptive Optics (MCAO), e.g. 32m
TMT (CfAO, NOAQO), 50m Euro50 (consortium), 100m
OWL (ESO)....
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Basic Model Assumptions

» Geometrical optics propagation through atmos-AO
» Taylor Frozen flow hypothesis

» WES measurements s(n) are linear in the input furbulent
OPD profiles #(n) and DM OPD profiles d(n)

» DM residual profile €,(n) is linear in measurements 3(n)

» Standard type-1 discrete infegrator with 2-cycle lag

Note:
- Work on wave opfics propagation in progress...
- Formalism valid for both EXAO and MCAO

- MCAQ: block structured matrices, concatanated vecs
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Generic System Layouft
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Discrete-Space-Time Servo-Loop

Vi

» s°(n):
» G

R : DM residual reconstruction matrix

nEnlech “—<<

» Standard Conftrol Algorithm:;

n=0;a0) =

begin cycles
[PSF(n), OTF(n), 0% (n)]
5(n) = s°(n) —

= R3(n )
dn+1)=adn)+Bdn—1)+7és(n)+ 6, (n—1);
n=n++1;

end cycles

open-loop measurements

. Inferaction (poke, registration) matrix

LN
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€, (n)

— perfevl[ Z(n), d(n)];
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Simulation-Sensor-Reconstruction Grids

Simulation Grids

- Turbulence profile, Z(n)

- Aperture-plane simulation OPD’s for performance

evaluation: €(n) = Hy

a

HSCFOV,Sim f(’n) - HSCFOV,Sim &»(n)

Note: typically 8 x finer resolution than sensor grids

Sensor Grids

- for MCAQO, 5(n) resolution typically D /16, D/32, or D /64

- for EXAQ, s(n) resolution up to D /128 or D /256

IMichigan][:+];
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SSR Grids (cont.)

Reconstruction Grids

- DM grids. Sampling typically matches sensor sampling.

- for FE-type reconstructors, i.e. when R = F'E:.

(1) reconstructed turbulence profile Z(n) = E 3(n)

(2) reconstructed aperture-plane OPD HFY Z(n)

2x finer resolution than DM grids

IMichigan][:+];
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Aperture-plane fransfer maftrices

» Based on bilinear influence functions:

HSCFOV{iobS, ips}&l;/} L = h(l) (77(]{))

= 0 [ 7)) ar ]

where ﬁ(l)(z) — #D + 20{is} is the coordinate of grid
point I in the transverse plane at range =z and #Y is the

corresponding aperture-plane coordinate.
Bilinear splines:

= | 0D (=l el < 1andl) <1
\ 0 else
Dhsmmiech o>
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Aperture-plane fransfer matrices (cont.)

Notation:

» H, V"™ maps simulated profile Z(n) to aperture-plane
simulation grid (perf eval)

» HV™ maps DM OPD d(n) to aperture-plane
simulation grid (perf eval)

» For FE-type reconstructors:
- HSSY maps Z(n) = E 5(n) to aperture-plane
reconstruction grid
- HVT maps HFY #(n) to DM grids

i higan 0 R
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ﬁ Conftrol Algorithm: Performance Eval

n = 0; d0) = 0;

begin cycles

— [PSF(n), OTF(n), o2(n)] = perfevl| Z(n),d(n)|;
3(n) = $9(n) — Gud(n);
e,(n) = R3(n);
dn+1)=adn)+Bdan—1)+eés(n)+ 8, (n—1);
n=n-++1,

end cycles

VIIGI fmre h /\ L.Gilles, IPAM Workshop, UCLA — p.10/37
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Performance Evaluation

> E—»(n) _ HQS:CFOV,sim :E’(n) B HELCFOV’Sim é’(n)
} O'C2)|<n) — HH;CFOV,Sim f(”)”)%\;sm ) Ué(”) — Hg(n)H%/\;sm
» PSF(n) = \]:{eig(”) Wat? , OTF(n) = F{PSF(n)}

» SR(n), FWHM(n)....

W is the FoV averaging matrix (SPSD). Based on bilinear
splines, it provides accurate modeling of aperture-plane
OPD and edge effects. Includes piston removal.

W= T if zer0 SCFOV

W = <
| Diag (WHW, -+ JwWNop) W) else

WiChigan 0 R
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Confrol Algorithm: Sensor Measurements

Vi

n = 0; d0) = 0;

begin cycles
[PSF(n), OTF(n), 0° (n)] = perfevi[Z(n), a(n)];

— :i?(n) = 59(n) — Gua(n);
€a(n) = R5(n); A A )

dn+1)=adn)+Bdan—1)+eéu(n)+ 6, (n—1);

n=n++1;

end cycles

Mgemlech Lz
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Sensor Meagsurements

Vi

s

)

Low

V)
Q

s2(n) — Gad(n)
= Gy Z(n) +1j(n)

Flus}(n) = Y G {wts, s} Finst (n) + if{mws}

ips

— Z G o {iwfs, iam } c:i{idm}(n)

Note:

sim __ Tsim GSFoV

and

idm

Ga — Fa HGSFoV

, where the %"

and I', map aperture-plane OPD’s to WFS measurements

trmlech
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lurbulence-to-WFS Influence Matrix

Vi

(G {iwts, s} ], = / PrWE {wis} (P& - VRO (7)
&2
— §HO) a- ) dg

- hO(7) = h [(F— ﬁ(l)(z))/dr’], dr' = sim grids resolution

(1 ~
r’( )(2) = Y{iwts} Al 4 Z(Z)Q{iwfs} , Y} = (1 — Z(l)/ZGS{‘WfS})

a = (ag, oy)) Is the measurement direction

n(§) = (dy(§)/dE , —dx(£)/dS)

» Same eqs for G {iws, am} Out with dr’ = DM resolutions

higan] [2/v]] %«\4\
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% Control Algorithm: Reconstructor

n = 0; d0) = 0;

begin cycles
[PSF(n), OTF(n), 02(n)] = perfevl| Z(n), @(n)];

3(n) = $9(n) — Gea(n);

— &,(n) = R3(n);
dn+1)=adn)+Bdan—1)+eés(n)+ 8 (n—1);
n=n-4+1,

end cycles

Michigan) [+ h/\
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Filtered Least-Squares Reconsfructor

,(n) = RE(n)
~ arg min {H 5(n) — Gata(n)|2 s + [1€a(n) s |
_ ov) 1 —1 3
= (GZCanﬁPSSF ) G.Cy s

y PS¥V = VT where V, = [i”, -+, 5P]. Range(V,)
spans constrained modes, e.g. wdffle for SCAQO,
cancelling tip/tilt for MCAO NGS, cancelling tip/filt,
astigmatismn and defocus for MCAQO LGS, i.e.

Z HE fiops, iom}0a {iam} = Z1 {iobs} OF f{iows} € NUll(T',)

idm

Note: [|€q(n )HPGSFOV [Vaea(n)|?
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Minimum Variance Reconstfructor

» Open-loop reconstructor:
- Estimation step:
_ — _ — 2 — 2 — 2
o (n) = B 3(n) = arg min {[15(n) = Gae(m) g1 + 1871 + 11(0)[posor |
_ _ oy —1 15
(GLC, 1Gx + O+ PEFY) T GLC Tt E(n)
- Fitting step:
a(n) = Féu(n) = arg min { | HE'E,(n) — HEe, () By + 16a(n) [2gcron |

€a(n)

_ ( HCSLCFOVTW HCSLCFOV I Psomv) -1 HCSLCFOVTW HSCFOV &.(n)

V :f:]jlnl'ech%\
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Minimum Variance Reconsfructor (cont.)

» E-step GSFoV-projector:

peFY — v vl v, =W, ... 9]

r T

> " HEFV {us, s} {ims} = 21 {iws} OF fuwss} € NUll(T',)

ips
» F-step SCFoV-projector:
P = vVl vy =[afh, o)
>~ HE Y {ioos, iom iz {iom} = Z1{ioos} OF fions} € NUII(T,)

idm

MVR’s P>*™V is identical to LSR’s P<™V if HFoY = H %Y

g >>r,l.e. dim NullT',) >> dim Null(T’,)

In practive, projectors P:*Y, P2V not known exactly

V lmnl'ech%\

cfAQ L.Gilles, IPAM Workshop, UCLA - p.18/37



Approximate Closed-Loop Reconsfructor

- Estimation step:

o(n) = B 3(n) = arg min {[15(n) = Gae(m)[F -1 + 18() 7,2 + 11(0)[posor |
_ _ oy —1 15
= (GgCn G, + de + P2 V) G%C’77 1 s(n)
where z4(n) = z(n) — x(n — n,) Models an n,-cycle lag, and

C,, = Fldiag(((27mn. v - R)H||R| /3 F

If wind speed direction o is uniformly disfributed in [0, 27,
(27 n. - R)?) = (1/2)(2mn.[|0])*[|R?

- Fitting step as for MVR

V lmnl'ech%\
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Control Algorithm: Loop Filtering

n = 0; d0) = 0;
begin cycles
[PSF(n), OTF(n), 02(n)] = perfevl| Z(n), @(n)];
3(n) = $9(n) — Gea(n);
e,(n) = R3(n);
— dn+1) =adn)+Ban—1)+7eés(n)+de,(n—1);
n=n-++1,
end cycles

» Loop filtering can be rewritten d(n + 1) = g(n) x €.(n)
with g(2) = (y2 +9)/(2? — az — ). Integrator: a + 5 =1

» For FE-recons, filtering can be applied on ¢, or ¢, since
gain coeffs are scalar multiples of the identity maftrix

V lmnl'ech%\
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Pseudo Open-Loop Reconstructor

Inspired by open-loop MVR with loop filtering applied on €

s2(n) = 3(n) + Gqd(n)
€x(n) = arg min {\!sz(n) — Go(Z(n) + f?x(n))H?;n—l + 1 Z(n) + & (n)]|,-

€x(n)
HIE () + & () Fgsrov |
= A'GTCY (3(n) + 5/ (n)) — ATHC + PEYY) ii(n)
where
7

S( ) (G F—-d ),C;_j‘)( ) A = chn_lGa: _|_Cx—1 ‘|‘P§SFOV

Note: A—1GLC-1 = E = MVR E-matrix
x '

V :mnlbch%\

cfAQ L.Gilles, IPAM Workshop, UCLA - p.21/37



POLR (cont.)

Control Algorithm: Version 1
n = 0; a(0) = 0; £(0) = 0;
begin cycles

[PSF(n), OTF(n), 02(n)] = perfevl[ Z(n),

5(n) = 5%(n) — Gad(n);
f’(n) = (G, F -G Z:E’(n)
€x(n) = E(5(n) +5'(n)) — A
rn+1)=arf
in+1)=Fi(n+1
n=n-+1

end cycles

Michigan) [+ h%\
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1(Cx—1 _|_PQ?SFov)5—j»(n);
Z(n) + BZ(n — 1) + v ép(n) + dp(n — 1);
).
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POLR (cont.)

Control Algorithm: Version 2
n=0; d(0) = 0; £(0) =

begin cycles

Vi

[PSF(n), OTF(n), 0% (n)] =

5(n) = s°(n) —

e, (n)

T(n+1) =

i(n+1)

= E3(n )

(o +~yM]Z(n) +
where M = F(G,F — G,) —
— FZ(n +1);

n=n-+1,;
end cycles

nEnlech “—<<

LN
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perfevl| £(n),

[l + 0M] Z(n — 1) + 7€x(n) + €, (n — 1);
—1(0—1 _|_PGSFOV)

L.Gilles, IPAM Workshop, UCLA - p.23/37



POLR (cont.)

» POLR is not a conventional matrix mulfiply
reconstructor: requires real-tfime knowledge of #(n)

» POLR requires knowledge of intferation matrix G,

» E= (GGG, + Oyt + PE¥Y) L GIC = ATIGTC; ! =
open-loop MVR E-matrix

» Computational complexity identical to MVR

} GaF L G:U — FaHGSFoVHSCFoVTHSCFoV . FxHGSFOV # O

i higan 0 R
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% Transfer Maftrix and Loop Stability
b LSR: () = R(z)
= g(2) (I +g(z)RG,)™"

9(2) = (12+0)/(z* —az - )
RG, = I-PXF=1-V, v}

)

i(z) = Tu(2)a’(2)
)
)

- Given RG, = Udiag(\;)U 1,

Tu(x) = Udiag[g(2)/(1+g(z)X)] U™
U~ld(z) = diag[g(2)/(1+ g(z)\)] U a%(2)

- Representative filfer: v =0, = § = a = 1/2, yielding
9(z) = 1/[2(z = 1)(z + 1/2)]

Michigan] [/v)] /_,\4\
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Loop Stability (cont.)

Vi

unit circle, i.e. |z, <1

» MVR - ACLR:

- E-step:

nEnlech “—<<

LN
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>
x

AR

—~ —~ o~
N N N
—_ —  —

P

g( VEG,F)™"

Poles {z | 1 + g(zx)\; =0} are z, = (1 £ /9 — 8)\;)/4

System is stable if and only if all poles are located inside

LSR is stable since \; = 0,1 and thus z, = 1,+1/2
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Loop Stability (cont.)

- F-step:
i(z) = F(z) = FT.(2)2°(?)
FT.(2) = g()F(I+g()EG.F)" =g(2)(I+g(2)RG,) ' F
)

—  d(2) = T,(2)a’(z) (as for LSR)
Tu(2) = 9(2) (I + 9(z)FEGa) ™", a°(2) = Fa®(2)
- Since FEG, has complex eigenvalues \; that in general
won’t satisfy the stability criterion |(1 ++1/9 — 8)\; ) /4| < 1,
MVR-ACLR will be unstable.

e Stability recovered for SCAQO by slaving edge actuators
and keeping only subaps atf least 50% illuminated.
Demonstrated in simulations and on the sky @ PALAO.

i higan 0 R
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Loop Stability (cont.)

» POLR:
M = EGF —FEG, — A_l(cx—l _|_P§SF0V)
Tp(z) = 9(2)[I+g(2)(EGCALF—M)]_1
i(z) = FZ(z) = FTy(z)2°(2)

M = 0 yields MVR. Given EG,F — M = Udiag(\;)U 1,

Ty(2) = Udiag [g(2)/(1 + g(2)N) | U

POLR doesn’t have simple T,(z) s.T. FT,(z) =T,(2) F

Simulations demonstrate that POLR is efficient but
becomes unstable with little uncertainty in G,

Real-time implementation worth considering

i higan 0 R
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# Sparse MVR solver
I

» Sparse layer-oriented multigrid-preconditioned
conjugate gradient (MGCG) solver for MVR’s E- and
F-steps:

e Layer-by-layer OPD estimation
e | BSGS smoothing iteration for layer decoupling

e LGS tip/tilt uncertainty leads to spatially colored
mMeasurement noise handled by rank-1 projector

e | GS focus uncertainty can be handled similarly with
an addifional rank-1 projector

e E- and F-systems solved using sparse plus low-rank
inversion lemma (Sherman-Morrison)

i higan 0 R
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Sample 32m problem description

- Cerro Pachon 6 layer median turbulence profile
ranging from 0m to 15, 460m scaled o yield ro = 16cm
@ 0.5uMm. 6y = 2.65". 64m phase screens. Reconstructed
PS1-PS4 oversample 2x subaps; recons PS5-PS6 match
subaps resolution. 70,942 grid points reconsfructed

- 5 LGS’s at the four edges and center of a 17 GSFoV,
64 x 64 subapertures each; 33, 320 measurements

- 4 NGS’s at mid distance between the four LGS’s
delimiting the GSFoV (8 tip/tilt measurements)

- 3 x 3 17 SCFoV; Simpson weights

- 3 DM’s. DM’s 1-2 in Fried config, DM3 (10, 309m)
undersamples 2x subaps. Total of 8,449 actu

i higan 0 R
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32m open-loop convergence results

Vi
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8m closed-loop simulation results

Vi

» Same geometry and fields as for 32m but with 16 x 16
LGS WES subaps. 7,826 reconstructed phase screen
grid points; 629 actu and 2, 248 measurements.

trmlech
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8m closed-loop poles
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eig(A__.)
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Real part of sample offending modes
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Imag part of sample offending modes
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Constrained MVR

» Minimizes < o%(n) >=< ||€(n)|3,, > subject to 2 linear
constraints:
e | RG, = P,|where P? = P, and P! = MP,M~! with
M — HCSLCFOVTW HCSLCFOV
e |(I-P)R=0
— R=R;+ Ry with
Ry = FE;

—1
T ~—1 —1 T ~—1
g = (Giclc.+c;)) cloy
nr(z) = 1(2)g(z), Zf(z) =2g(2)
Ry = (I—RiG,)G!
—1
o T ~—1 T ~—1
Gt = (Ga o Ga) GIC;

Mmabtnfech S 7~ OO
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Constrained MVR (cont.)

Vi

» Obviously stable since \; = 0,1

» Is there a sparse efficient way fo compute it ?
- ;= Fidiag([|R M3 /1 + (G122 fve ) F
- Oy, = Gy

- G!in Ry, most froublesome

» Optimized range of projector P, also froublesome

higan] [2/v]] %-—\4\
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