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Event selection (1)

RT o TRIGGER
. Good RT!I Physical trigger| 5 g clusters 1
: Outside SAA  : f T
Livetime @ : p T
:Zenith 1 19
TRACK
N. tracks ¢ Z InnerTrackery p&hc&
L2 X¥hit Inner fiducial volume
Y pattern v betweenL3-L8 ... (inner) < 10
X pattern: thL3||L4, L5||L6,L7||L8 | ... (inner) < 10
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Event selection (2):
TOF charge RIGIDITY Inner Upper Half =y

~ o e e e . Inner Lower Half =Y
Q upper TOF [p®hodT] |;' signscoherence | Inner span rig. ¥
Q lower TOF p&® i_s‘Y s p& GV :' (j 0 j :j
--------------------- o +1 A4 3
TG L
RICH (if present) L
! P IFI 8o gequi
@wequire RICH
] I s T8I
Ring hits T

Total number of events

I N VTP S N TV T

ISS-data (12.5 y) 8 (prescaled, 1/100) 8
5 mMIC 8 (prescaled, 1/100)
5 mMC 8 (prescaled, 1/100) 8
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Expected background

Threecharge confusion sources : : . :
are known and expected: Monte Carloconfusion matrix ISSdata, without geomagnetic

MC ( A ( AB1315 cutoff Y T
A Spillover : ( ( (Y ™

: - g 10°2 9
A Stochastic process, o 5 5t
(tracker resolution). = 103 — ° 9 - ==
i . o w T L
A Dominantat’Ymi OY. ¢ epi, e 1031 — 188 data 125 years .
A Interactions inside the "{'_?, SRR 10 - "
detector: 107 e LI L = e AT { R
A o m° 5 minelastic i e -:.533:.;._:_': : . ok *ﬁ*
interaction o T 102, W
A Large angle scattering 106 "" ' -.1' Ldh 1 h Hﬂﬂﬁiﬁmﬂi
A Revlevant at‘Y “Od)N _!.:' I:I:' ’ .y -' ™ u | iHHlii i‘
pH_‘) ;O ‘Y | "L-' o 11
1
1 10 10? 10° 1 10 102 10°
*Maximum Detectable Rigidity IR| [GV] |R| [GV]
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Anal ysis stgghatghonten Carl o

A Two networks: one classifier @0 ) and one autoencoder O ).

A |=|JJ and =[ .are trained on 7 g 7 mVIC (R>0)tested on MC (R<0).
A Performances study and debugging.

A Networks trained on MC are not used on ISS data: avoiding dataMC disagreement effects.

A Estimate background contribution due to charged confused( A

Anal ysi s strategy on | SS dat a

A Two networks: one classifier ¢ , ) and one autoencoder O ).
A F 4 | @nd =L gre trained on ISS data (R>0)tested on ISS (R<0).

A Models trained on ISS are used toidentify possible ﬂ_i:andidatgs S )
A 2dHWUI WYnWwWrHcUI RT ¢qt Wet Wne URqRYUWYnWaq6 W JGIHQRY

A The reconstructed mass of the remaining eventss used as final check .
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Supervised classi fier

Well reconstructed (90%)

Mc *He Bad reconstructed (10%)
o o S
A Goal: distinguish well -reconstructed rigidities from 2
poorly reconstructed ones .
o 10°
A The majority ofR < 0 events are poorly reconstructed.
A Define a datadriven label: ok Ff

A Based on* ESIRER *Y = Inner Upper Half
v =

153 147
A sensitive to spillover Inner Lower Half

10*

A Reliable 5 grandidates should have a ( & L )yscore D

11
/
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Classifier | abel dependency f
ISS dataY Tt MC HedY Tt

Bl

T T
uliE R

RUH'RLH
RuntRin
o

HUH'RLH
Ryy+Biy
o

I T T W O I A R ... I T R I A ..

1 10 10° 1 10 10°
IR| [GV] |IR| [GV]
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Classifier | abel dependency f
ISS dataY Tt MC HedY Tt

:' ..... 1 ......... | ...... 1 ..... |||1|l ................ I ....... ]

RUH'RLH
Run*+BLy
o

HUH'HLH

| ddde oo bbbl .. N W HON W O S M bt ). S8

1 10 102 1 10 102
|R| [GV] |R| [GV]
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MC “He R(>0)— MC “He R(<0)
—— ISS R(>0) — ISS R(<0)

it S

Efficiency of

o3l HAHHHE + |

o201 -1 HHE 4 .......................... s
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Supervised classi fier 1T nput f

Input features:
P Inner Tracker: * no L8

A 1dentify variables with high classification power |A TRK Y residual(  @)* ** L3/L5/L6
A TRK X residual o **
A TRK'Y hit number

A 23 input variables

A TRK X hit number RICH:
A 8 $ s $ A
? ? 3 2 A N. PMTs (ring)
A MIN and MAX Z on TRK pla“eA N. Photo-electrons

Training on R>Q
AEcCOGUINWHeC G¢c UARUNa Wbt RN doovidsamp2dI U gt wllc | JW 6ennild
‘ 1&g fractionisv 1P .

AAfterwards,‘ ‘ &g fractionisv 1P and‘

Al1SS data¢® p m and MC (& p m) events
A 70% used for training, 30% for validation

A After the trainingd 0 is applied to R<0 ISS data)0 is applied to R<0 MC.

10/10/2025 Francesco Rosst University of Trento



Aut oencoder

Encoder Decoder
A Goal: minimise losses in the compression - Tnput Hidden Latent Hidden Output
dECompreSSIOn process /layer layer 1 layer layer 2 layer\

&b

= I

A Reconstruction error :- 3 %

input ’
Ext WY e qG,

A Well-reconstructed events dominate the R>0 sample
A Poorly reconstructed events dominate the R<0
sample.

A The autoencoderfails on badly reconstructed events,
while well-reconstructed events areunaffected

To have a variable defined betweenm@®Ip , the sigmoid function ————) is used:
PO S T4 !Hlnu v nl "H
B Al 1 1T HIi"Hi 5
Reliable 37 gfandidates should have an anomaly score ~ 0.5.
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Autoencodet featur 6% aa8d tpali

TRK X residual
TRK Y hit number

Input features: TRK X hit number

A Identify variables with high classification power between s s 8 s
the R>0 and the R<0 sample v R :
A 30 input variables .,
TRK NormEdep2XY ( 1)

o Po To Do o Do Ix

MINT MAX CH on TRK plane

Time Of Flight:
A L3 ontime cluster
A L4 ontime cluster

ACC:
A ACC counters

Training on R>Q

A Cut on reconstructed rigidity:'Y ¢ T BV] (MDR). * L35S
Al1SS data & p m) and MC g§& p 1) events L?:LZL[W;Z A
A 70% used for training, 30% for validation |

Be9 | - ®

0 Ncdd O )
v O/AAB'rLQi %AADE DI WAADC 8
' ° ST Ol AADE DI AADCS

After the trainingd ‘O is applied to R<0 ISS data) ‘O is applied to R<0 MC.
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Wor kf |l ow:

"R The networks have Information regarding the rigidity, but npt (1 OF, NaF, AGL).
A After the training (on ISS and MCjljvide into 11 rigidity bins:
[1.92,4.02], [4.02,6.47],[6.47,9.26],[9.26,13],[13,18],
[18,24.7],[24.7,31.1],[31.1,36.1],[36.1,41.9],[41.9,48.5], 48.5<

A For each rigidity binF 2 q WY U a6 WO as Y1 t &kt WY 2 qGeamR tlU2 W IRIDULby ¢ HH
A Reconstructs the mass of the survivor{ISS and MC). 1

| Using R>0 sample (Data and MC), for each detector (TORRFK AG_L)I
- and rigidity bin get: :

A CL score for‘ ‘ R L
| A AE anomaly score fory T :
A Cut values at predefined efficiencies. I
|Apply the cuts on R<0 sample (Data and MC). [

Cutting on the anomaly score changes the distribution of the classifier score?
Are the outputs of the network independent and orthogonal?
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Check on the  or tS%%8'g o nhia, McC
- _ I
: : | _ _
Ratio: no cut/ cut on score L Loaaflm il Py
— — . +.|. - +++H++'MH”'"+-|-|-++¢ | - _.._-_-_- '-_+" T "-"':.-.. i q
eff. 0.95 eff. 0.90 eff. 0.85 1%& s T [htliERC :f::.“""l&“'|'.fl-'-’“t
—eff.0.80 —eff. 0.67 I e LU
_ 0.8 : 0.3:
4__ 4. 0.6} : 0‘5
CL score |=|—ﬂ'—ﬂ__I 1. 8 ooz 04 o6 o8 1! 0 02 04 06 08 1
. e e e e e e e . ISS clagsifier score, _ . _ . . e e v —
2r — : 2
AE anomaly score Nz “e'eny 18} |18l
1.6 i 1.6}
—eff. 0.95 —eff.0.90 —eff. 0.85 al : b
—eff.0.80 —eff. 0.67 : |
_ I <l =+
' ==fﬁ+$+%++ . =|=|==|=%E
1
: 0.8}
o 1 I
D.6[ : 0.6}
06 07 08 : “07 08 09, _
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F TP Ay s B L
Check on the ort'SS’(PAtDL\goPn:z MC
~ i 1 |1
TO¥N 8 h8 GV
| RN J.rrl-I i 3 SR d
102} :' = D 2| _'. ‘-
HE I
—eff.0.95 —eff.0.90 — eff. 0.85 S| SR B :
 off — off . 107} T | 103 i ﬂﬂﬁﬁﬁe@ﬁ
- —eff. 0.80 eff. 0.6 { =
| Yens®
{24 14 o 14
CL score |=|—ﬂ'ﬁ 8 o 02 04 06 08 1 I 0 02 04 06 08 1
T 1l CL,g output : CL,,c output
_________________________ 1_._._._._._._._.:_.1?._._._._._._._
AE | ) o e o
anomaly score N; “eenap 101:|=_|_L i ol
102} -I_I_I_'—L | 1072
The networks are coherent. ; - ] _
: B i o T 1
Cutting on the scores of one network "_'"-L : T
RUHAI et It W6 DWE WY n WHNY YT WI2 13U qH iRy L
the score distribution of the other. : 11
10‘4; = | —4
05 06 07 08 03 1 : ° 0:_5' T e e 1:

Anomaly score (AEI ss output)
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Mass diI sTOFbuti on
48 8 h8 GV

A 80% efficiency on R>0 AE anomaly score R e € [4.020, 6.470]

L F L I T T | Tt | L 1 I |r__ 7
A 75% efficiency on CL scor%—‘ TR, 0.12 ,SS d,ala {R } 0 ]
0.1 PR R (R ,4 ........... T :, ............ , ........ —]
o : He MC [RINNER OJ 15 N
S - 4 =
TN 1] | s S, SRR, St o [ e — e -
— 1 | SSd o J4 2
r --I o {R"““E“ L M
20.06 — | S
2 "
= =
S @
210.04 &
0.02
%

Mass [GeV/c?]
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TICQ NATA— — | ~ 2r T I
Check on the JoTT°IW0OgoOolnic, MC
~ 18| R
NagN 8 hg8 GV ] a1
Ratio: no cut / cut on score e Lt
if. 0.95 ff f 12 #ﬂﬁﬂiﬂuﬂﬂi it st I
; -I.I,Is;l il q#,'.-!-;H: ! 1.="=‘ TIRTHT =.-'=--::;" ™ 1 | itk # i k
—eff. 0.80 —eff. 0.67 | #ﬂm : 1IN illit 1
_ 0.8 : 0.8 |
.. J_- 4 05| L L L o
Classifier score Llﬂ—ﬂ_ iy 8 e e e s I 0 02 04 06 08 1
T T ISS classifier score : MC classifier score
e m g = S PEETR L L R T R XY,
i | E i
Anomaly score Nz “egan 18] ol 181
1.6 1 : 1.6
—eff.0.95 —eff.0.90 —eff.085 | -
—eff.0.80 —eff. 0.67 o my _
| 25 + R 1.2} 2REE
B ﬁﬁ—bﬁ}-l--l: T TLI[H : B .:_H_EET_ i a <+ |4
e S ST L TITF | TR
e +1 41 E:$ == = b=
0.8 T+ : 0.8fF
0.6 : : 0.6}
|

0.5\ L L IDIBI L L I0.7I L L I0.8I L L Io-gl 1 1 1 1 0.5| | | IOIB\ | | \0.7I | | I0.8I | | Io.g\ 1 1
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i NV VNP po ‘
Check on t he or tsHho ¢ ojn:c MC
NafN 8 h8 GV « -
1 . .
I 102 :~ . ~
— Good reco. (R >0)— eff. 0.95— eff. 0.90 ' S :
INNER : o :
eff. 0.85 — eff. 0.80— eff. 0.67 | fﬂtﬁﬁ b ik
107 I 10
Classifier score |:Iﬂiﬂ 8 0 o0z o4 06 08 1 | o0z 04 06 08 1
=|?TI ={=| 1 CL s output | CL,,; output
________________________________________ b v o e e o = —
13 E: 1% o
: - 11 i
Anomaly score Ng gy E ] i
y Ng "E'EAR i : . |-|.|_|_
10—1:EI §: 10 a
— |SS data (R’INNER:»(}) — eff. 0.95 — eff. 0.90 .| Eu,_ : 102} ;
eff. 0.85 — eff. 0.80—eff. 0.67 | ‘-l.iL . 1 |
I 11 [ _H:L'E"l ]
10°} g : 10°F :
: HLLI ; LI-L
_I E |
13 - |
10°F =5 : 10°¢ L;
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Ma s

:IN

s di
8 h38

sNakFbut
GV

A 80% efficiency on R>0 AE anomaly score

A 75% efficiency on CL scorel—

Events / 0.1 [GeV/c?]
(=1]
T
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| =

Rpoey € 16470, 9.2601
I K

!IIIIEFIIIII

I!I

-0)

AEEENENEEL

2 3 4 5
Mass [GeV/c?]

—.— |SS data (R

“He MC (R

lI\II\IFR

INN ER.. G]

| 1 | 1 1 1 1

Events / 0.1 [GeV/c9]

7
2
|
Events / 0.2 [GeV/c?]

| | 1 1 1 1 1 1 1 1 1

B8 efficiency on R>0 AE anomaly score

A 50% efficiency on CL scorel—

|

R, g € [6.470, 9.260]

IIII1.IIIIIIIIII-IIII1IIIIIIIII!-IIII

AL AL N

..

EENBEEEEE-EEEEEEEE e
 F TR ERE R l'l"l'l' TR HEHERRE

0 1 2 3 4 5 6
Mass [GeV/c?]
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'+ 1SS s.ﬂ_a.ta..(.l?.»;mr‘,.., .......

‘*He MC [R

-.ISS data {R
- """" |

‘*He MC [R

-0)

INNER

INMNE

o

INNER :

I|I|||III||IIIII|I|I|I||I|II||IIII1IIII|I||I|

7 8 918

Events / 0.2 [GeV/c?]




2 T TS .‘...!l 2 ———
Check on the or toHo'go hia, MG
AGHN h 8 GV L
1.6 " _
Ratio: no cut / cut on score 1a] !
12: : 1.2 '---IL# l || l 1
_ _ | b, | il
eff. 0.95 eff. 0.90 eff. 0.85 S g SR : : 1 T T e H
—eff. 0.80 —eff. 0.67 : O L RLL I S
0.8} : o
g Iy 0.} e S D B D D
Classifier score |fﬁ 8 Y TRy Sy 0 02 04 06 08 1
T L ISS_cla_ssﬂer_scEe _____ : _______ " C: cl-afsfler_sct.)re _____
2_ LI [ L ] L LI I L ]_ : 2:
Anomaly score f; egny 18] 11 18
B i | B
1.6[ 11 1.6f I
: | 1 I . 4
1.4 i : i T il =T+ |
—eff. 095 —eff.0.90 — eff. 0.85 I | ol : g %# | ,
L 1 r
Y N~ 41 06 -
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- _ I
AGHY h 8 GV .« )
R I
102} g
— Good reco. (R >0)— eff. 0.95— eff. 0.90 J !
INNER :
— eff. 0.85 — eff. 0.80—eff. 0.67 4= :
I
I
CI f i‘_ﬂlil 8 107 i 1074‘|||‘||‘|||||‘|:
assirer score |=|_ 1] o 02 04 06 08 11! 0 02 04 06 08 1
T L CL, output : CL,,. output
_________________________ e S e S
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e N
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Confi dence | 1 mit estil mat e

A 1dentify O'(¢andidates:
A additional cut on the reconstructed massd N [clv] GeV/A

A Number of survivors in data & )and MC{ ), integrated in R.
A Monte Carlo toy procedure.
A Repeatit for

A TOE
A [1.92,4.02], [4.02,6.4]
A NaF:
A [1.92,4.02],[4.02,6.4],
[6.47,9.26],[9.26,13],[13,18
A AGL
A [4.02,6.4],[6.47,9.26],[9.26,13],[13,18],[18,24.7],
[24.7,31.1],[31.1,36.1],[36.1,41.9],[41.9,48.5],
48.5<
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Concl usi ons

A Twoindependent and orthogonal Neural Networks have been presented:
1. Supervised classifierquantifies the quality of the reconstructed rigidity
2. Unsupervised autoencoderidentifies well-reconstructed events.

A The networks trained on MC are used to study their performance and improve them.

A The networks trained on ISS are used to identify possibi@@andidates.

A 95% confidence limit on 1™or TOF,NaF and AGL detector.

1.

A Studies on the reliability of theO'@andidates (distance from tracker fee). ONGOING

A Cross-check with MIT candidates ONGOING
A Coverage of theMCtoys procedure ONGOING
A Combination of the limits ONGOING
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Event

' Good RTI

s e |

e ct

TRIGGER

On.

08 clusters T

Physical trigger

. Outside SAA f
Livetime 1@ :
:Zenith 1 10

TRACK

N. tracks ¢

L2 XYhit

Y patternt v betweenl3-L8

X pattern:  1hL3||L4, L5||L6,L7||L8
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TS
D T

Z InnerTrackery p&hc&
Inner fiducial volume

... (iInner) <10

... (inner) <10
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<<=

Tracker fiducial volume cut:
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<46Ccm,
<46cCcm,
<46cm,
<46cm,
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<44cm
<36Ccm
<36Ccm
<44cm
<44cm
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A 1dentify O'(¢andidates:
A additional cut on the reconstructed massa N [clv] GeV/A

A Number of survivors in data & )and MC{ ), integrated in R.
A Monte Carlo toyprocedure:
A Uncertainty on background (from MC¥ Poissonian 'O with* &
A Extract 1000 times fromiO © ¢
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A Distribution of signal counts as Poissonian 'O with* &
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has0i §@ (@ ¢ | wub
A Plot the distribution of¢  and take thew v Rs a final result
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