Feature selection techniques for
CR isotope identification with
the AMS-02 experiment in
space.

Marta Borchiellini

Kapteyn Astronomical Institute, RUG



How to Improve isotope
identification with AMS-02 using
Machine Learning feture
selection methods?
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RICH Background rejection

INPUT DATASET FEATURE
SELECTION BUILDING THE ESTIMATOR

« Events labelled on
the basis of beta ML Learning Training (BDT)
+

reconstruction

VS Evaluating the
« Variables linked to performance of the BDT

RICH Physics driven
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Borchiellini et al, Particles 2024, 7(2), 417-434

« Almost every ML algorithm performs better
than the physics-driven method (Bueno et al.)

« Random Forest allows for 90% background

rejection and 92% signal efficiency

«  With the Random Forest technique is possible
to achieve similar outcomes compared to All
while reducing overfitting risks and slightly

decreasing training time




Thank you!

If you want to know more:

M. Borchiellini, L. Mano, F. Baréo, M.Vecchi. 2024. "Feature Selection
Techniqgues for CR Isotope Identification with the AMS-02
Experiment in Space», Particles 7, no. 2: 417-434.
https://doi.org/10.3390/particles7020024




interTwin: An interdisciplinary Digital Twin Engine
for Science

European Al for Fundamental Physics Conference 2024, Amsterdam, 30.04.2024

Kalliopi Tsolaki, Matteo Bunino, Alexander Zoechbauer, llaria Luise,
Maria Girone, Sofia Vallecorsa, David Rousseau, Alberto Di Meglio, CERN-IT & CNRS/IN2P3 on behalf of
interTwin consortium

The interTwin project is funded by the European Union - Grant Agreement Number 101058386




interTwin project: digital twin engine for science

c o-de,sign

Fire hazard |
prediction

Early flood |
warnings

Platform

e

@&

Communities

Drought
prediction

Storm
prediction

Core
encjine,

Data

Federated

>

High-energy
physics

Radio
astronomy

i
[

s
[l

I
I

Lattice
QCD

Gravitational
waves

— i eee]
— .es)

=
HPC resources

o https://www.intertwin.eu/



https://www.intertwin.eu/

itwinai: an interTwin module for Al workflows

Reproducibility, Reusability, Framework-independent, Scalability, Access to Cloud and HPC
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Costless correction of nested sampling
parameter estimation

Metha Prathaban

1 1 .

I DONT KNOW HOW To PROPAGATE
ERROR CORRELTLY, SO I JUST PUT
ERROR BARS ON ALL MY ERROR BARS.

[https://xkcd.com/2110/]



Phantom points in nested sampling parameter estimation

Metha Prathaban <my

3@cam. ac.u

: Mested sampling parameter estimation diffes from evidence estimation, in that it nows an addidonal soumce of e, This evor alfects estimates of

i parameter mears and credible intenals in grautational wave analyss and beyond, and yet, it is ypcaly rot accountad for in stamdasd erme etimation
methods. We presset o novel met ook to quantify i o mose acounately for ay chainbased rested samples, wsing the additiceal elhood calls
made at rantime i rodudng independent samples. Using imjected sigrals of black hole Bnary ccalescences as an mample, e demorstate how these
extm points may be camfully wilised to esimate #e tue svor comectly, and provide 3 way 1o check the acturacy of the reslting emor bas

1. Mested sampling and phantom points

Mested samgling {N5) & 3 popular Bayesim nfee
ence tool for parameter estimation and modd com-
parison. A et of e ports is dawen from the prioe
and at each iteration, the fve pont with #e bwest
Beelibood is debeted. A new point is dawe, with the
coratraint that its lkelihood mest be higher than
that of the delited point |1, 2]. In #his way, a sedes
of rested isolikeiboo d contours are defined 3]

Them are many way 1o genemte 3 new e point with the hard Bsfihoo d constram £ > L,
Howeewer, many NS implementations wee 3 Madow-Chain based pocedue, wheme new ponts
are oontiveally generated within the Telhood contowr wntil we are catishied that the pew
point is independent fom the deleted point. This pont is then assigred as the new live
puint, and the puints generated in the chain beaween the deleted and new live point {ed)
are typeclly dscarded. These ‘phantom points’, though deemed oo comelated 1o wse in
evidence estimation, can povide welul information about the parameter space, though this
hizs Been largely wrexplored

3. Likelihood binning method

# Bim phantom points by thar kelihood walues, such that
eadh dead point is associated wath a set of phantom
points from the muin which it very chee 1o the comtour
dafined by it

W make the assumpton that, though phamom points
do mot lie exactly on the dead poant’s iso- ke fibood con-
o, they are still re peesen Gtive of the: F{#) walues along
the ootour

Chirp Mass
m—

- i = 040

o For each dead point in equation 4, recample 2 mew f {7}
wallue frcem the asociated Bin {which includes the odgi-
ral dead point itodf} and 2 mew AX.

« Repeat many times 1o obtain the ence = the sondard
deviation of the resulting distribution of estimates
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A phantom poirts are pedectly valid, socept tat they
may be oo comebited with ther 2 odated dead point
to wse bof in the same run

*We can themfore 1k the 14 phaniom point 0 every
chainin the sn and combine $ese caredully 1o fom an
equally vald nested sampling run to the orginal

o Repeat wath other phantom points to reconstruct mul-
tiphe walid rurs from crignal

& Comibime: the parameter estimates from each of these
reconstrucied rurs, a5 well 25 the criginal s, and com-
pute the corresponding rew emor bar fom this.
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Errors in evidence vs parameter estimation

The expected waue of £} is H]
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Charging e inegraton variable to the fact

’
ond paor wolume within an solikdibood con.
towr, X, and approwimating this 2 2 sum ower the dead points [3,5]

p

||'° gajdx = ¥ Lax. (3

feickua

By comswuction, all points along 3 gien
comiour have the same BRdibo od valee:
ing the likelibood waler of 3 segle dead
point, £, @& a prowy for C{X) & an ex
act substitution. The dominant emror is the
i wolumes of the fracticonal pacr wol-

I|' FX O XaX = %Z [{EATN S
1+
W are reguired 1o wse £ a5 @ prosy &or
FlX). This is not an eact substituion, and
ez this bcmes the dominant evor. Cone
sicler the example of estiona ting @+ fom
the figum to the lft; contours of coratant

1
E

wme ‘shells” between contours, AX parameter wabses ane chowe in dashed lines

For a binary black hole, we can apply the ‘simulated weights’ method [5. 7], suggested by
Suilling, 10 ectimate the emom on the evidence and chirp mazz per run. I this is suflicient
the prroeniks of the ‘tue evidence” and ‘trus chirp mass” {esimated ower 100 mn ) should
be wridomly distributed
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Verifying accuracy of error bars

For certaim pammeters, S chaim length of the sampler may not be long encugh to aocumulate
sufficent unocerdated phaniom points to we these methods. We can dheck from a single
rum whethes we bave the corect emor bass by splitting the phastom points in o bales, ard
applying sither method separatey 1o the two st of points to dheck for comvergant results
wning the K5 2zample test. The default chain lergthin PolyChond |1,7] is kng encugh for
these mediods i weori well onthe dhirp mass, bt not the lumincsity detance
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Exploration in BSM Theories R |
Mauricio A. Diaz, Giorgio Cerro, Stefano Moretti,

with Batched MUIti—ObjeCtive Srinandan Dasmahapatra.
Constraint Active Search
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PARAMETER SPACE SCANS

Parameter scan methods aim to identify a set of points that belong to a rare
category defined by constraints

S={x|y = Humodel (X) \y; € 73}

S region

« Full S characterisation
- Diverse and dense filling

Mauricio A. Diaz



ks -o Dt = (Xt)Yt) <- ------ .

Surrogate Model
Y ~ f(Xy;Dy)

Search policy
X*~ a(x|D)

Test Function: 2D Two Objectives
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1.G. Malkomes, B. Cheng, E.H. Lee and M. Mccourt, Beyond the pareto efficient frontier: Constraint active search for multiobjective experimental design



	Slide 1: interTwin: An interdisciplinary Digital Twin Engine for Science
	Slide 2: interTwin project: digital twin engine for science
	Slide 3: itwinai: an interTwin module for AI workflows   Reproducibility, Reusability, Framework-independent, Scalability, Access to Cloud and HPC
	Slide 1
	Slide 2

