irfu
|

Data frugal machine learning approaches for unmixing

problems in Physics
J.Bobin
With R. Carloni - F.Acero - J.Lascar - T. Pham - C.Bobin




Some unmixing problems in physics
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Unmixing y-ray spectra
to recover radionuclides’activities
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Unmixing X-ray multispectral images
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And many others: radio-astronomy, gravitational wave astro., etc.




Unmixing, what’s at stake ?
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Unmixing, what’s at stake ?

1
minR(A) +J(S) + 5 [ X — AS||}
U P—

Regularization Data fidelity term

Terms

P Allows great flexibility to include information about the observation
model/prior information about the factors

P BSS is a non-convex problem particularly ill-posed: the regularization is
crucial (non-negativity, smoothness, sparsity, etc.)

» But generally ill-posed/badly-posed, requires physics-enforcing
regularisations

Zibulevsky 04, Comon 10, Bobin 15, Carloni 22, etc.



Focus on the spectrometry case
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Focus on the spectrometry case
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Accounting for the spectral variabilities

133Ba spectral signature as a function of thickness of the container
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Focus on the spectrometry case
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Focus on the spectrometry case
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Sketch of a data-frugal ML for learning representations

Learn how to transport points on the
manifold from anchor points
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Sketch of a data-frugal ML for learning representations

Learn how to transport points on the
manifold from anchor points
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Sketch of a data-frugal ML for learning representations

Learn how to transport points on the
manifold from anchor points
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Sketch of a data-frugal ML for learning representations

Learn how to transport points on the
manifold from anchor points
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Data-frugal AutoEncoder

Linear interpolation @ FEncoder

In a non-linear domain

Linear interpolation
- Y Decoder Uik, (%) Z @)




Data-frugal AutoEncoder

Samples/anchor
points
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Data-frugal AutoEncoder

Samples/anchor

points Encoder
X, {p™}, o

Decoder

Interpolator
v

Reconstruction

Barycentric Yo Haff(gb(,ng)) ° ¢(X)

coordinates

Training: min, , Z H X — o Mg paryy © PX) ” 2 +u 2 H P(X) = gy pary) ° PX) H 2

xeg Xeg

i et

Reconstruction error Interpolation error

|deally, all elements of the manifolds can be expressed as the decoding of a linear combination of the

Vx e 7,3{A} . X~y < Z /1n¢(§0(”))>

encoded anchor points
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Results

Modelling attenuation and Compton scattering by a lead sphere
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Representation examples

Set-up :

- Radioactive source in a lead sphere

- #Geant 4 simulations: 90

- 2 anchorpoints

- 4 radionuclides
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Unmixing with a plug-and-play approach

» Hybrid approach: combination with standard statistical inference

Allows to account for the exact mixture model

Built on the measurement statistics
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Unmixing with a plug-and-play approach

» Hybrid approach: combination with standard statistical inference

Allows to account for the exact mixture model

Built on the measurement statistics

Positivity of the weights

W
min &£ (X, 2 ai‘Pi(Ai)> + 2 X>0a;)

{Ai},{ai}i \

Poisson neg-loglikelihood Latent space parameter

P SEMSUN algorithm: block-coordinate descent (phan et al, 23)

1"



Results - high statistics case

Theoretical signatures: 0.5mm thickness = Bkg : 50000
1000 Monte Carlo simulations
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Results - low statistics case

Mixture:
« Bkg : 1250
Theoretical signatures: 0.5mm thickness = ©°Co : 500
1000 Monte Carlo simulations = 133Ba : 300

40 .
Simulated spectrum

35 —— Theoretical spectrum

30

25

Counting
N
o

=
Ul

=
9] o
e

o

0 250 500 750 1000 1250 1500
Energy (keV)

Simulated spectrum from
a Poisson distribution

SemSun

S

= 57Co : 200
= 137Cs : 250
—— Theoretical
0025/ Estimated
5-95%
25-75%
0.020
0.015
0.010
0.005
0.000
0 100 200 300 400 500
Energy (keV)
Bal33
60 .
8
40
9
é 20
o
R
et
o
Q
o
-20
]
-40
SemSun Oracle

Oracle: estimate a when S is
known, the best possible result

0.07

0.06

0.05

0.04

0.03

0.02

0.01

0.00

—— Theoretical

—— Estimated
5-95%
25-75%

40

20

Relative error (%)
o

—40

-60

50

100

Energy (keV)

Co57

150 200

SemSun

Oracle

13




Unmixing X-ray images in astrophysics

Case Study: Supernova Remnants in X-ray multispectral data
» Poisson noise, low signal/noise

» Entangled physical components

» Variabilities described by non-analytical models
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A different mixture model

Standard linear mixture model |
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A different mixture model

Standard linear mixture model

a;

Non-stationary linear mixture model

+ ...

kT variable, z=-0.03
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A different mixture model

Standard linear mixture model

kT variable, z=-0.03
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Non-stationary mixture model

Non-stationary mixture model moiseless)
}K:::: E JA‘i (:)tgi
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Spectral cube

Amplitude
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Non-stationary mixture model

Non-stationary mixture model moiseless)
}K:::: E JA‘i (:)Lgi
]

/

Spectral cube

Amplitude

Spectral parametric models exist for the spectra but
Costly ... to be plugged into unmixing algorithms

Non-differentiable ... cannot be plugged into unmixing algorithms

16



Non-stationary mixture model

Non-stationary mixture model moiseless)
}K:::: E JA‘i (:)tgi
]

/

Spectral cube

Amplitude

Spectral parametric models exist for the spectra but
Costly ... to be plugged into unmixing algorithms

Non-differentiable ... cannot be plugged into unmixing algorithms

AE-based surrogates are not costly (atinference ime) and differentiable

They are good candidates for hybrid unmixing solvers

16



More formally - spectral regularisation
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More formally - spectral regularisation

min SZ(X, A O sl-)
{Ai},{si}i Z

P The spectra can be described by an AE-based model

Latent space
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More formally - spectral regularisation

min $<X, A O sl-)
{Ai},{si}i Z

P The spectra can be described by an AE-based model

Latent space

min 3(}(, W(A) O s,.)
{Ai},{si}i Z

17



More formally - spatial regularisation

P The spectra evolve smoothly across the sky
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More formally - spatial regularisation

color: redshift z

P The spectra evolve smoothly across the sky
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Results on synthetic data

Thermal amplitude Synchrotron amplitude
0 0
» From real images + numerical simulations of CasA : . -
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Estimated amplitude map

Fit 1D pixel-per-pixel

SUSHI

Synchrotron

i

4e+03
2e+03

0Oe+00

e
i

e+
2e+03
1e+03

0Oe+00

Ground Truth

Thermal

Ground Truth

Synchrotron

L

4e+03
2e+03

0e+00

e
il

e+
2e+03
1e+03

0Oe+00

Classic

Thermal

Classic

Synchrotron

i

4e+03
2e+03

0Oe+00

e
e

e+
2e+03
le+03

0Oe+00

20



Results on synthetic data
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Results on synthetic data
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Estimated physical parameters
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Estimated physical parameters

KT residuals
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Results from real data - preliminary results !

Thermal index
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Take-away messages

~

\_

P IAE: a flexible model to learn representations when training samples are scarce.

P Deployable as surrogates in standard solvers to tackle complex/ill-posed unmixing
problems.

P Unmixing is costly but can be accelerated using deep unrolling (rahes22)

» Quantifying uncertainties is key but complex; under investigation ! J

https://github.com/jbobin/IAE
{ ’ https://qithub.com/JMLascar/SUSHI
SEMSUN to come soon
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https://github.com/JMLascar/SUSHI
https://github.com/jbobin/IAE

Back-up slides
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Unmixing with a plug-and-play approach

@ Revue des théses | PHAN Dinh Triem

10/11/2023
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Unmixing with a plug-and-play approach

p

A

=2
= Constraints for each radionuclide i : ¢;(X;)

= The spectral signature is the decoding of the latent variable of IAE Xi = gi(4)

Complex problem, non-convex, multiple local minima.

@ Revue des théses | PHAN Dinh Triem

Joint estimation of Xanda | X g = A"gminx,a Z c;(X;)+ ,1/(.20)((1) + L(a, X) (3)

10/11/2023
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Unmixing with a plug-and-play approach

p

A

=2
= Constraints for each radionuclide i : ¢;(X;)

= The spectral signature is the decoding of the latent variable of IAE Xi = gi(4)

Complex problem, non-convex, multiple local minima.

Joint estimation of Xanda | X g = A"gminx,a Z c;(X;)+ ,1/(.20)((1) + L(a, X) (3)

Block coordinate descent (BCD) (v.xu, 2017)

Xis fixed, 1. Update a: k+1 ' > k

Estimate 4 a Argmin, y(.> 0)(a) + L(a, X")
Multiplicative update algo NNPU

a is fixed, p

Estimate X 2. Update X: X = Argminy Z ¢, (X)) + L@, X)

i=2
Sequential Least Squares Programming (SLSQP)
(D. Kraft, 1988)

@ Revue des théses | PHAN Dinh Triem

10/11/2023
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SEMSUN - network description
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SEMSUN - network description

Co60 Bal33 Cob7 Cs137 Joint
Hyperparameters
Maximum channel 800 250 100 400 800
Solver Adam Adam Adam Adam Adam
Learning rate 0.001 0.001 0.001 0.001 0.001
Batch size 36 36 36 36 36
Number of epochs 20000 20000 20000 20000 20000
Regulisation paramater 0.001 0.001 0.001 0.001 0.001
Encoder: numbers of layers 6 6 6 6 6
Activation Elu(alpha=1) Elu(alpha=1) Elu(alpha=1) Elu(alpha=1) Elu(alpha=1)
Encoder 1 : ConvlD
(in_channels, out channels, 1, 12, 4, 1 1, 12,4, 1 1, 12,4, 1 1, 12,4, 1 4, 12,4, 1
kernel size, stride)
Encoder 2 : Convl1lD 12, 12, 4, 1 12, 12, 4, 1 12, 12, 4, 1 12, 12,4, 1 12, 12, 4, 1
Encoder 3 : ConvlD 12, 12, 6, 2 12, 12, 6, 2 12, 12, 3,1 12, 12, 6, 2 12, 12, 6, 2
Encoder 4 : Convl1D 12, 16, 6, 2 12, 16, 6, 2 12, 16, 3, 1 12, 16, 6, 2 12, 16, 6, 2
Encoder 5 : ConvlD 16, 16, 6, 2 16, 16, 6, 2 16, 16, 3, 1 16, 16, 6, 2 16, 16, 6, 2
Encoder 6 : ConvlD 16, 16, 4, 2 16, 16, 4, 2 16, 16, 3, 1 16, 16, 4, 2 16, 16, 4, 2
cost function log log log log mean log of

each radionuclide
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Sushi - network

» Dense networks

Thermal Synchrotron
Thermal 7| (Casopeia | ST | Cogopian | Sgmehrten
data) data)
Equilibrium Non-equilibrium
Physical collisional collisional
. . Power Law
model ionized plasma ionized plasma
emission (APEC) emission
Number of
anchor 4 6 2 2 2
points
Number of 4 4 4 2 2
layers
Step size 6x 1074 4% 1074 8x 1074 1073 1073
Optimizer Adaptive Gradient Algorithm (Adagrad)
Activation

function

Leaky Rectified Linear Activation (LReLU)
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Sushi - algorithm

Algorithm 1 SUSHI: Semi-blind Unmixing with Sparsity for
Hyperspectral Images

input data X, trained IAE models {M°, ..., M"¢}, num-
ber of wavelet scales J, sparsity threshold factor k, cost
function L.
initialisation {0, ..., 07° } < {¥/NY, ..., ¥ /N °}
{AD, .., A5} < S0F X (., e)/nc
ag + 0.1/ max(Ap)
t<0
while stopping criterion is not met do
for component c in {0, ...,n¢} do
Gradient descent step on ¢
0§+1/2 — 05 — ayVg L(6°|X, Ac,0C7¢)
Sparsity step on 6¢
01 < proxll,J,k(etc+1/2)
Gradient Descent step on A°
H « V2.(L(A%|X,65,,))
Af | A — 1/HV 5 L(A°| X, 07, 1)
end for
t—t+1
end while
X« AT ME(67)
X« oo Xe
return X, {X°, .. X}
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