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15/04/2024 @ Bridging Scales ML and Differentiable programming optimization for x-ray spectroscopy
INFN Frascati National Labs

Our building DAFNE collider Frascati
\ |

Kaonic Atoms

\/

Study kaonic matter via X-rays

A/

Interesting for low-energy QCD in
the strangeness sector

Implications for neutron stars EoS & astrophysics

D ark Ma t ter DA®NE parameters after Crab-Waist collision scheme

Peak luminosity (em2s™?)  4.53 x 10°2
Number of bunches 105
3 Electron current (mA) 1520
Positron current (mA) 1000
Nuclear and fundamental physics st ..
Bunch length (¢cm) 15-20

Radio Frequency (MHz) 368.7
Crossing angle (mrad) 50

In data taking in this moment

Yo Wy Y \Y

Precision measurement

/
LINAC
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Stlicon Drift Detectors (SDDs) high (190 eV FWHM at 8.0 —keV), faster
(triggerable) detectors. Arrays of 2 x 4 SDDs 8mm x 8mm each, 450 um thick

o |
. "/
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Kaonic atoms experiments at J-PARC

3GeV = — Hadron Exptl
B Synchrotron Y & e Facility

Nuclear Transmutation .=
Exptl Facility (planned)

Lories

50GeV Synchrotron

Neutrino Exptl Facili = /&
y.

Hydrogen data in E57/

~90 hour data taking

Hydrogen, Stopped Kaon trigger
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15/04/2024 @ Bridging Scales ML and Differentiable programming optimization for x-ray spectroscopy

VIP-2 experiment at INFN-LNGS Upgrade °“°‘“ed in April 2019:

1400 m rock
coverage

Passive scielding — two layers, copper inside lead outside
plastic box

nitrogen gas

lead blocks

copper blocks
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VIP-2 experiment at INFN-LNGS Upgrade concluded in April 2015:

SDD with
ceramic board readout

Copper block
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Machine Learning in physics experiment

DETECTOR »

» ANALYSIS
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Machine Learning in physics experiment

DETECTOR »

# ANALYSIS

ML improving the analysis:
S vs B classification,
object reconstruction,
data simulation

etc
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Machine Learning in physics experiment

DETECTOR » » ANALYSIS

e.g. optimization of
detector geometry
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Machine Learning in physics experiment

DETECTOR » » ANALYSIS

Data Calibration
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https://www.sciencedirect.com/science/article/pii/S0370269311001225

Using the correction term ¢ in Eq. (2), the absolute energy of the kaonic *He 3d — 2p
transition was then determined to be:

Kaonic He-3/4

Measurement
where the second term is the statistical error, and the third term is the systematic error.
@ DAFNE

Eexp = Egt + € = 6223.0 & 2.4(stat) £{3.5(syst)eV, (4)

The latter was evaluated from the accuracy of the energy determination (£3.5 eV).|Other

contributions to the systematic error (e.g. effects of timing region selection and
contributions of the kaonic oxygen line at 6.0 keV) are negligible.

As a result, the 1s-level shift €;; and width I'iy of kaonic hydrogen were determined by
SIDDHARTA to be

€15 = —283 +[36(stat) + 6(syst) eV and TABLE 1. Measured x-ray energies and widths of the kaonic
He and “He 3d — 2p transitions, together with the summary of
the statistical and systematic errors. Electromagnetic calculated
energies are also tabulated. All the values are in units of eV.

Iy = 541 £ 89(stat) = 22(syst) eV,

K—He K~“He
E62 J-PARC measurement Energy Width Energy Width

Measured (E3,”,,,, I5,) 622448 2.5 6463.69 1.0

PRL 128. 112503 ( 202 2) Statistical error 040 1.0 0.27 0.6
’ Systematical error: total 0.18( 04 0.11 0.3

(a) Absolute energy scale 0.17{( --- 0.09 -

(b) Detector resolution 00T 0.2 0.01 0.1

(c) Low-energy tail 0.03 0.1 0.03 0.1

(d) Fitting robustness 005 0.3 005 0.3



Number of spectra - SIDDHARTA-2 2022 Run
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Calibration of SDD depends on:

2022-04-22 .
2022-05-01 -
2022-05-08 A

2022-04-15 -
2022-05-15 A
2022-05-22

Availability of calibration runs (depends on machine conditions/availability)
(Ideally one wants the beam on 24/7)

Dependence on temperature/pressure @ the detectors
Not precisely know (vacuum, cryo conditions, setup constraints)

Dependence on beam background 15



Number of spectra - SIDDHARTA-2 2022 Run
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The Monitoring Challenge in SIDDHARTA-2
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Anomalies due to various effects, physical and electronical

Automatize task -> gain in statistics of the final observable. ;



15/04/2024 @ Bridging Scales

No of samples

ML and Differentiable programming optimization for x-ray spectroscopy
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Machine Learning in physics experiment

DETECTOR » » ANALYSIS

Data Calibration
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Typical calibration strategy

Time

Phy5|cs Runs

Calibration runs Calibration runs

Physu:s Runs

Need to balance - trade off!

Want more calibration points
but also more physics data

20



Enhance calibrations to the limit with differentiable programming

o THE HAI_IFAX CHRONICLE HERALD 3 -;-_-
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Enhance calibrations to the limit with differentiable programming

29 4

Starting Complex manipulation. Results :

Conditions, Differential equations J Figure of merit-based
with e.g. many parameters Simulations

22



dy
dx

Starting
Conditions,
with e.g. many parameters

dy
dx

Complex manipulation.

Simulations

dy
dx

el Cost function

Differential equations jl Figure of merit-based

Back propagation

Cost function

Enhance calibrations to the limit with differentiable programming

Gradient

23



Enhance calibrations to the limit with differentiable programming

Gradient

dy
dx

dy
dx

dy
dx

Starting Complex manipulation. Results :
Conditions, Differential equations J Figure of merit-based

with e.g. many parameters Simulations

Numerical diff

Back propagation
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dy
dx

Starting
Conditions,
with e.g. many parameters

Numerical dif% <=
flx+h)
X xX+h ]
- h >

Gradient

d=a*c

c c=a+b

dy
dx

Complex manipulation.
Differential equations
Simulations

Figure of merit-based

Enhance calibrations to the limit with differentiable programming

dy
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Results

Cost function
@ d=axc

.......................

P04 od od dd oc
Pooiee — = — 4 — % —
R da _ Oa Odc Oa
: ad | ‘ od
L oa O — =c+ax1
R c Jec=a+b da
: _ od
,- + — =a+b+a
"' %%
fioe _ioi0e — =2a+b
TR da_

25
@ https://sidsite.com/posts/autodift/



Enhance calibrations to the limit with differentiable programming

Target and environment Control Parameters Loss

variables /\
\ Neural Network ODE Solver /

Y

o0 o\
wind =-10m/s Q.. e\ e . angl=25° 2 ) (target_distance -
taIgEt =afm ."‘\ L 4 M.—‘ Welg ht = 200kg = . . actual_dis tance)z
o0 o o “EE
L 4

@inputLayer @ Hidden Layer @ Output Layer

Backpropagation

Distance 19.4m
Height 22.33m

Time 1.46s

Wind Speed 1m/s
Release Angle 45deg

https://github.com/JuliaComputing/ODSC2019




Enhance calibrations to the limit with differentiable programming

Continuous
model (GAN,
VAE, local

surrogates) Nuisance

model

N

Propagation,
multiple Trajectory finder and

scattering, hit construction of density map
generation

’—----------.s

7/

Optimization of detector design and operation

Machine-learning Optimized Design of Experiments

27
https://inspirehep.net/files/8f6784eac6a7f06c184cfc50757de656



15/04/2024 @ Bridging Scales ML and Differentiable programming optimization for x-ray spectroscopy

Enhance calibrations to the limit with differentiable programming

compute via automatic differentiation

g Yo |Yr | | Yy > softmax S0 _89?;03- - [71
A §1 ‘r
$2
Y cee {'

o x| - | Xy < 0 @‘ > Sp > logﬁA U
SIMULATOR OR NEURAL SUMMARY INFERENCE-AWARE
APPROXIMATION NETWORK STATISTIC LOSS

stochastic gradient update ¢'t! = @' + n(t)V U

Sketch of the INFERNO algorithm. Batches from a simulator are passed
through a neural network and a differentiable summary statistic 1s constructed
that allows to calculate the variance of the POI. The parameters of the network

are then updated by stochastic gradient descent.

28
https://cds.cern.ch/record/2807001/plots



A test optimisation setup

The “Standard Approach”

to spectroscopic calibration

ADC, single run

Fit
I ADC

Fit the raw spectrum

de te Tmine Errors plot

15

t  MINUIT? calibration
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3501
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A test optimisation setup

Loss function for the gradient: loss

Derive calibrated

Take new E = ¢(ADC|P) dataset
calibration
constants
Po1 Pia Pa1
P=|Po; Pii D2 g(E)
Pon PN PN Compute the loss

Update P to minimize
the loss 20



ﬂ PRELIM IquRY —— Estimated PDF

NP, ——— Target PDF
0.008

: \

2 0.006

0.004 /f\\\
0.002 ) \ /\\ A\

4000 5000 6000 7000 8000 9000
Energy [eV]

Distance to target PDF estimated via
KDE approximation
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Total energy values h
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Fit - True energy [eV]

Peaks relative errors

PRELIMINARY

Minimize the uncertainty
to the statistical level

Line Widths
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True calibration
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I Relative difference (calib constant - true constant )/true constant _
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15/04/2024 @ Bridging Scales

ML and Differentiable programming optimization for x-ray spectroscopy

Outlook: kaon mass measurement
@ SIDDHARTA-2

Line Energy [eV]
K-Ne 98 4206.35 3.75 (stat)
K-Ne 8 6130.86 0.71 (stat) 2 (sys.)
K-Ne 7 9450.08 0.41 (stat) 2 (sys.)
K-Ne 6 15673.30 0.52 (stat) 5 (sys.)
10000 —
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Kaon mass [MeV]

WEIGHTED AVERAGE
493.677+0.013 (Error scaled by 2.4)

¢

Values above of weighted average, error,
and scale factor are based upon the data in
this ideogram only. They are not neces-
sarily the same as our ‘best’ values,
obtained from a least-squares constrained fit
utilizing measurements of other (related)
quantities as additional information.

2
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Conclusions

* Calibration is a critical source of uncertainty in
spectroscopy x-ray experiment

* Differentiable prog. approach has the potential to minimize
* Can enhance existing data
* Can calibrate “intermediately” or at each step

* In principle applicable to spectroscopic experiments

* Plan to test the method on real data for kaon mass meas

* Method based on:
https://iopscience.iop.org/article/10.1088/1361-6501/ad080a/meta



https://iopscience.iop.org/article/10.1088/1361-6501/ad080a/meta

Thank you for your attention!

Questions?

37
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The VIP-2 Experiment

Stlicon Drift Detectors (SDDs) higher resolution (190 eV FWHM at 8.0 —keV),
faster (triggerable) detectors. 4 arrays of 2 x 4 SDDs 8mm x 8mm each, liquid

argon closed circuit cooling 170 °C

X' !'8',' t'.b@

a3
| 3
.431
0

| copper strips
copper conductor

SDD Anode

wWw g8t




ray spectroscopy

ML and Dafferentiable programming optimization for x-

Upgrade concluded in April 2019:

coverage

40
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nitrogen gas

plastic box

vacuum chamber

.

— two layers, copper inside lead outside

Passive scielding







Entries / 10 eV

104 |
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o
w

102 |

Ti Ko

5000

Big batches

Can determine better the
Copper position but
cannot capture fluctuations

VIP-2 Experiment

6000 7000 8000 9000 10000
Energy [eV]

Calibrated spectrum of
4 SDD arrays.

Not easy to calibrate because:

- Copper line at orders of
magnitude smaller than Ti
and Mn

- Tiny distortions of FEE

Calibration can be done in big or small batches

Small batches

Can capture fluctuations but
cannot determine the Copper
position well

42



SDD17 SDD12
103 VIP.-dz r Experiment 10° :::kPﬁ—nir Experiment
SDD18
103 VIP-_ir Experiment . . .
s Statistical fluctuations
at low counts can make
: the use of peak finder
algorithm tricky to setup
needs constant care
calibrated to be resilient

1200 1800 2000

woc algo params need to be

tuned
43



Use two step approach - 1st: convolutional neural network as peak finder

- Training Loss
- \falidation Loss
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Counts / 4.7 ADC

Use two step approach - 1st: convolutional neural network as peak finder

103.

102.

101.

100.

SDD18

1000 1200

ADC

VIP-2 Experiment

Peak finder
height=3
prominence = 6
distance = 15
width = 2

1400 1600 1800 2000
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Entries / 10 eV

104 |
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102 |

VIP-2 Experiment Calibrated spectrum of
4 SDD arrays.

Ti Ko

Not easy to calibrate because:

- Copper line at orders of

magnitude smaller than Ti
and Mn

- Tiny distortions of FEE

5000 6000 7000 8000 9000 10000
Energy [eV]

Calibration can be done in big or small batches

Big batches Small batches

Can determine better the ure fluctuations but
Copper position but cannot determine the Copper
cannot capture fluctuations position well
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Use two step approach - 2nd: to the limit with differentiable programming

29 4

Starting Complex manipulation. Results :

Conditions, Differential equations J Figure of merit-based
with e.g. many parameters Simulations

48



Use two step approach - 2nd: to the limit with differentiable programming

dy dy dy
dx dx dx

Starting Complex manipulation. Results :
Conditions, Differential equations J Figure of merit-based

with e.g. many parameters Simulations

Back propagation

49



Use two step approach - 2nd: to the limit with differentiable programming

dy dy dy
dx dx dx

Starting Complex manipulation. Results :
Conditions, Differential equations J Figure of merit-based

with e.g. many parameters Simulations

Numerical diff

Back propagation

flx+h)

secant

/% ftx)

X x+h
h 50

\i




Use two step approach - 2nd: to the limit with differentiable programming

dy dy dy
dx dx dx

Starting Complex manipulation. Results
Conditions, Differential equations jl Figure of merit-based
with e.g. many parameters Simulations

Cost function
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Use two step approach - 2nd: to the limit with differentiable programming

Target and environment Control Parameters Loss

variables /\
\ Neural Network ODE Solver /

Y

o0 o\
wind =-10m/s Q.. e\ e . angl=25° 2 ) (target_distance -
taIgEt =afm ."‘\ L 4 M.—‘ Welg ht = 200kg = . . actual_dis tance)z
o0 o o “EE
L 4

@inputLayer @ Hidden Layer @ Output Layer

Backpropagation

Distance 19.4m
Height 22.33m

Time 1.46s

Wind Speed 1m/s
Release Angle 45deg

https://github.com/JuliaComputing/ODSC2019




Use two step approach - 2nd: to the limit with differentiable programming

Continuous
model (GAN,
VAE, local

surrogates) Nuisance

model

N

Propagation,
multiple Trajectory finder and

scattering, hit construction of density map
generation

’—----------.s

7/

Optimization of detector design and operation

Machine-learning Optimized Design of Experiments

53
https://inspirehep.net/files/8f6784eac6a7f06c184cfc50757de656



15/04/2024 @ Bridging Scales ML and Differentiable programming optimization for x-ray spectroscopy

Use two step approach - 2nd: to the limit with differentiable programming

compute via automatic differentiation

____________________________________________________

g | Yo | Y1 Yy > softmax 50 398;93 - 17!
A §1 ‘r
$2
Y cee {'

o x| - | Xy < 0 @‘ > Sp > logﬁA U
SIMULATOR OR NEURAL SUMMARY INFERENCE-AWARE
APPROXIMATION NETWORK STATISTIC LOSS

stochastic gradient update ¢'t! = @' + n(t)V U

Sketch of the INFERNO algorithm. Batches from a simulator are passed
through a neural network and a differentiable summary statistic 1s constructed
that allows to calculate the variance of the POI. The parameters of the network

are then updated by stochastic gradient descent.

94
https://cds.cern.ch/record/2807001/plots



15/04/2024 @ Bridging Scales ML and Differentiable programming optimization for x-ray spectroscopy

Use two step approach - 2nd: to the limit with differentiable programming

Idea: use automatic differentiation to compute
gradients of functions
Use gradients to find global optima

VIP-2 Experiment

Get b
» calibrated ™ _ |FWHM=~185ev |
Data data é I LJH
< f
* S 100 | Ol i h‘
Derive BRI L NP b
Fit peak . _ Pt tloffg <] iy,
Y =P calibration S | | | |
pOSItIonS 7200 7500 7800 8100 8400
constants Energy [eV]

Our Calibration Flow
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15/04/2024 @ Bridging Scales ML and Differentiable programming optimization for x-ray spectroscopy

Use two step approach - 2nd: to the limit with differentiable programming

Idea: use automatic differentiation to compute
gradients of functions
Use gradients to find global optima

VIP-2 Experiment
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Following the gradient, change the constants to enhance FWHM
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Use two step approach - 2nd: to the limit with differentiable programming
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Results
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https://arxiv.org/abs/2305.17153
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VIP-2 Experiment

B reference
optimized

AL [T R U B L

Energy [eV]

7000 7200 7400 7600 7800 8000 8200 8400

Position [eV] | FWHM [eV] | x*/ndf
Reference 8050 £ 1 185 £ 2 1.64
Optimized 8048 £ 1 176 & 2 1.25

51
= Ax—
X 100XG&USS

z—v 1

A; 2y 1 —
T;(z) X e Fo 282 X erfc (:v 7

-+
V2r

- 280

(x—p—20, 0)+T5(z)+Ax Gauss(z—u, 0)+11(x)+mxx+C

7)

58



