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Event Horizon Telescope after 2015
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(Honma, , Uemura & lkeda 2014, PASJ)



Our Motivation

- Even with the full EHT, the size of the synthesized beam (~20 pas)
will be comparable to expected shadow sizes for Sgr A* and M87

- might be not enough? (particularly in low-mass case of M87)
- require a shaper restoring beam for CLEAN (= super resolution)

- Is there a technique to enable robust high resolution imaging
for ensuring a feasibility of EHT to take a picture of BH shadow

- particularly, resolution higher than A/D (= super resolution)
equivalent to build up larger arrays.
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Imaging with the interferometer ()

Basic Equation: 2D Fourier Transform between the image and visibility

I(z,y) = //dudv V., (u,v)e 2 (uztoy)

Spatial frequency (u, v): baseline vectors seen from the target source

What does interferometer observe?:
Fourier components at various baseline lengths (i.e. spatial frequencies)

How to Image:
In actual case, discrete Fourier transform of sampled visibility
Is performed to obtain images
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Imaging with the interferometer (ll)

- In actual case : Imperfect sampling of Fourier components

- 0-padding is used to obtain an image
assuming visibilities of zero for unsampled Fourier components

- This cause finite resolutions and side lobes
resolution: © ~ A/B (A : wavelength. B : baseline length)

' Observed image:
(e.g.) Point Source Synthesized beam

Sampled spatial frequencies = DFT of uv coverage

visibility: Uniform — uv coverage
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Imaging with the interferometer (ll)

- In actual case : Imperfect sampling of Fourier components

- 0-padding is used to obtain an image
assuming visibilities of zero for unsampled Fourier components

- This cause finite resolutions and side lobes
resolution: © ~ A/B (A : wavelength. B : baseline length)

(e.g.) Black hole shadow convolutlon (Dirty image)

- SyntheS|zed beam‘ T
(DFT of uv coverage)

visibility on uv coverage Real image

-

2D DFT -
=) ‘, .‘.
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Imaging with the interferometer (ll)

- In actual case : Imperfect sampling of Fourier components

- 0-padding is used to obtain an image
assuming visibilities of zero for unsampled Fourier components

- This cause finite resolutions and side lobes
resolution: © ~ A/B (A : wavelength. B : baseline length)

Traditional method (CLEAN = Matching Pursuit in Statistical Mathematics)
convolution (Dirty image)

Real Synthesized beam " Synthesized beam

Reconstructed

Image:

, ' ‘ - => consisting of

a minimum number

of point sources

reconstructing sparse images on the image plane



Sparse Modeling

lll-posed problems
- Linear equations can be solved if number of equations M is larger than
number of parameters N (i.e., requires M > N)

- Otherwise(M<N), it becomes an ill-posed problem (can not be solved)

Idea of the sparse modeling to solve ill-posed problems
- If number of effective parameters (non-0 parameters) N’ is smaller than M,
equations can be solved (sparse solution)

- Mathematical background:
(Donoho, Candes & Tao 2006;
Compressive sensing)

- Compressing Sensing is now one of
standard techniques for MRI Rk F % b FEt T A
(e.g. Lustig et al. 2008) without Sparse Modeling with Sparse Modeling

MRI image of the cerebral blood vessel
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Sparse modeling and interferometric imaging

- Observation Equation (2D DFT) can be written in a linear equation.

,—2mi(ur1z1+v1Y1) e 2mi(urz2+v1Y2) e 2T ur1Z 2 +V1YN2)

,—2mi(u2x1+v2y1) e 2mi(uz2x2+v2y2) e 2mi(u2® yo+vayn2)

(,—'-"ﬂi( UM T1+UMYL) (,—'-2771'('11 MZ2+UMY2) (,—‘-’m'( UMT 52 +UNYA2)

- Observation Matrix A: dimension of M x N?
M: Number of visibility, N: Number of image grids

- ill-posed problem: In normal case, M < N2 : requiring 0 padding
- For the case of target sources of EHT, we can expect “sparse images”

(the emission structure would be very compact compared with F.O.V)
—  We can apply the sparse modeling



Idea of imaging with CLEAN (Matching Pursuit)
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- do 0 padding to equal numbers of data and image grids
- Try to find a sparse solution on the image plane
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- Ill-posed equations can be solved » <
by focusing on “sparseness” of solutions. \ IN | I% 5
- Try to find a sparse solution in the visibility plane — 3

- Reconstructed image not affected by 0-padding
— possibly we can get super-resolved image
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Mathematical description of the sparse modeling (l)

Problem without noise

Equation: 'V = Al

What to solve?

mImU\IHO} subjectto V = Al

. . I
O-dimensional norm:

Illo = [{I.1i # Ofori = 1,2,.., N}

= Number of non-zero parameters
- /

solver: combinatorial optimization (CO)

- practically difficult to be solved for large N (say N~100)



Mathematical description of the sparse modeling (ll)

Problem without noise (Compressive Sensing)

_ 'n-dimensional norm: h
Equation: V = Al 1/p
What to solve? ]|, = (Z ]fi|p)

t /

N
mImU\IHJ subjectto V = Al

A N . I
1-dimensional norm:

Equivalent for ‘ ‘I‘ |1 — E |]’L ‘

the sparse solution

(Donoho et al. 2006) _ - : v /
solver: linear programming (LP)

- can be solved even for large N (say N>10,000)

\4

mImU\IH(ﬂ subjectto V = Al




Mathematical description of the sparse modeling (lli)

Problem with noise (LASSO; Least Absolute Shrinkage and Selection Operator)

Equation: \V = Al + NN
What to solve?

min ||V — AI||5 subjectto ||I

IA (Tibs

X2 term

Equivalent | - Large S:||l|o=N
- Small S: ||l|jo = 1

\4

mm (|[V = Alll5 + A1)

1< S

nirani 1996)

S determines the number of non-zero parameters

(Tibshirani 1999)

solver: quadratic programming (QP)

- can be solved even for large N (say N>10,000)



LASSO and Bayesian Statistics

LASSO

I = argmin (||V — AI||3 —I—-)
f f

Chi-square + Regularization

Multiplying by -1/2 and then taking exponential

I = argmax (exp(—|[V — AT|[3/2) exp(—Al[T]1/2))

t t
Likelihood P(V|I) x Prior Prob. P(l)

o« Posterior Prob. P(I|V)
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Simulation with Sparse Modeling ()

- Data set:
Make visibilities from model images on actual uv-coverages

- Noise treatment: thermal, homogeneous
thermal noise at a 5 %-level of the total flux
(- SNR ~ 20 for the intra-site baselines, but no intra-site baselines)
- much lower SNR for VLBI baselines
- Similar to or worth than current observations

- Modeling method: LASSO + additional regularization term
Solver : QP solver (original; MATLAB-based)

I = argmin (||V — AI||5 + A||I]|;) subjectto I; > 0
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Simulation with Sparse Modeling ()

model beam-convolved iImage

uv-coverage

ALMA-SMTO-CARM-JCMT-PCVL-LMT, Dec=+12

M87, Shadow Diameter ~ 20 uas (for the case of Man = 3 X 10° Msolar)
(Honma, KA, Uemura & lkeda 2014, PASJ)
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Simulation with Sparse Modeling ()

model beam-convolved iImage

super-resclutonirmage

Sliced image

M87, Shadow Diameter ~ 20 uas (for the case of Man = 3 X 10° Msolar)
(Honma, KA, Uemura & lkeda 2014, PASJ)
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Simulation with Sparse Modeling ()

Choice of the Lambda
A =0.01 A =100 A = 10000

[ = argmin (HV - AIH% + A[[T]]1)

M87, Shadow Diameter ~ 20 uas (for the case of Men=3x10° Msolar)
(Honma, KA, Uemura & lkeda 2014, PASJ)
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Simulation with Sparse Modeling (ll)

- Data set: Simulated data on physically motivated models for M87
MAPS Simulated Data-sets with parameters same to Lu et al. 2014, ApJ
Models in Akiyama, Lu & Fish et al. 2014, Apd, in press.
approaching-jet-dominated type (Broderick+)
counter-jet-dominated type (Dexter+)
accretion-disk-dominated type (Dexter+)

- Noise treatment: thermal, different by baselines
Realistic thermal noises are included

- Modeling method: LASSO + additional regularization term
Solver : QP solver (original; MATLAB-based); common threshold

I = argmin (||V — AI||5 + A||I]];) subjectto I; > 0



Simulation with Sparse Modeling (ll)

model without noise  with noise
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M87, Shadow Diameter ~ 40 uas (for the case of Mgn = 6 x 10° Msolar)



Simulation with Sparse Modeling (ll)

model A= A=10 A=100
’ v ’ v
= ”~~ ”~ -~
o o o a

I — argmin (HV — AI||5 + AHIH1)

M87, Shadow Diameter ~ 40 uas (for the case of Mgn = 6 x 10° Msolar)



Application to observational data

- Data set: VLBA 43 GHz / 7mm data of M87

(published in Hada et al. 2011, Nature)

- Modeling method: LASSO + additional regularization term
Solver : QP solver (original; MATLAB-based); common threshold

I = argmin (||V — AI||5 + A||I]|1) subjectto I; > 0
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Application to observational data
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Hada et al. 2011, Nature (43 GHz/7 mm)
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Hybrid mapping with the sparse modeling (3 mm or longer-A data)

Initially Calibrated Visibility Self-calibrated Visibility
data fmt: UVFITS data fmt: UVFITS
Imaging with LASSO 4 \ Self-calib_ration_
correcting residual gains

using an edited image as model

/ / AN

Model Image Image Editing N Edited image

data fmt: image FITS removing noise features data fmt: image FITS

Final Products
Image and Calibrated visibility
(UV FITS + image FITS)

ython script (editing



Hybrid mapping with the sparse modeling (3 mm or longer-A data)

How to determine parameters?
the pixel size of the image (spatial resolution)

N-term (sparseness)

Evaluating goodness-of-fit with some information criterions

AIC (Akaike's Information Criterion)
AlC =2 +2| 1o
BIC (Bayesian Information Criterion)

BIC = ¥ + (Ngata - H ] HO IN Ngata



Hybrid mapping with the sparse modeling (EHT data; Case 1)




Kazunori Akiyama, mm-VLBI data processing workshop, Leiden, June 9th 2015

Hybrid mapping with the sparse modeling (EHT data; Case 1)

Phased Reconstruction from the closure phase

Assumption: visibility phase is smoothly distributed

min C(¢, £) subject to ¥ = Ao N
- visibility phase
C(ph.E) = %Z Wik (9; — Ok — &k 2 \ y P

a7k closure phase

This problem can be solved with quadratic programming (QP)

(Ikeda, Tazaki, KA et al. to be subm.)



Hybrid mapping with the sparse modeling (EHT data; Case 1)

Reconstructed Image from visibility amp. + reconstructed phase

Reconstructed Image from full-complex visibility

P ~

o

(Ikeda, Tazaki, KA et al. to be subm.)



Hybrid mapping with the sparse modeling (EHT data; Case 2)

_-









