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Event selection (1):

R TRIGGER
 Good RTI | Physicaltrigger ||y g clusters > 4
: Outside SAA  : g >0.3
: Livetime > 0.5 Xéme < 10
:Zenith < 40° :
TRACK
N. tracks < 2 Z Inner Tracker € [1.7, 2.4]
L2 XY hit Inner fiducial volume
Y pattern: > 5 between L3-L8 X% (inner) <10
X pattern: > 4, L3||L4, L5||L6, L7||L8 || ¥2 (inner) < 10
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Event selection (2):

TOF charge RIGIDITY inner Upper Half = Ry 4
--------------------- T Inner Lower Half = R; g
Q upper TOF € [1.5,3.0] .R,NNER signs coherence | Innerspan rig. = R;yyEr
Q lower TOF > 1.5 | |RINNER| > 1.2 GV I
""""""""""" ! (Rinner > 0)— (Ryy > 0,R g > 0)
(Rinner <0)— (Ryy < 0,R 1y <0)

RICH (if present)

<1 :
Brich IF Bror = 0.96 require RICH
|Bricy — Bror| < 0.06
Ring hits = 4
Total number of events
| Rwwm>0 | Rwwm<0
ISS-data (12.5 y) 2.7 % 107 (prescaled, 1/100) 0.64 x10°
‘He MC 3.7 x 107 (prescaled, 1/100) 6.7 x 10°
3He MC 0.07 x 107 (prescaled, 1/100) 0.89 x 10°
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Expected background

Three charge confusion sources

are known and expected: M(lnte C?,arlo confusion matrix ISS-data, without geomagnetic
, MC “*He, *He.B1315 (R;yner < 0) cutoff (Riyngr < 0)
* Spillover:
. ~ T T 10°e 0
e Stochastic process, G 3 (i S C
(tracker resolution). = 103 oo 2 ::;j - e
e DominantatR = MDR". n:g e e 103 — SSdata 125 years .
AFARE ' = :
* Interactions inside the 5-_-;'f.'.- " 0 i "‘
deteCtO r. 102 s s I;f , - L : + Y
° 4-He - 3He inelastic ; e i;_ :_'_ 1o [ LA __ 3 *44*
interaction - el e BT 102 "
. : "I' Bt | S oy SR 1 i i
* Large angle scattering 100 SRR A e, h Hﬂ“ﬁ‘lim-i‘i
° Relevant at R [GV] = _!.:'_ I:.;]é Wil -I o u | ‘IHHIH i‘
[1, MDR] | "L-' . : |
1
1 10 102 10° 1 10 102 10°
*Maximum Detectable Rigidity |R| [GV] |R| [GV]
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Analysis strategy on *He, *He Monte Carlo

* Two networks: one classifier (CLy ) and one autoencoder (AEy;c)-

 CLyc and AEy are trained on “He, >He MC (R>0), tested on MC (R<0).
* Performances study and debugging.

* Networks trained on MC are not used on ISS data: avoiding data-MC disagreement effects.

* Estimate background contribution due to charged confused He.

Analysis strategy on ISS data

* Two networks: one classifier (CL;s5) and one autoencoder (AEjgs).-
* CL;ss and AE¢s are trained on ISS data (R>0), tested on ISS (R<0).

* Models trained on ISS are used to identify possible He candidates.
* Number of candidates as function of the selection on the network’s outputs.

* The reconstructed mass of the remaining events is used as final check.
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Supervised classifier

Well reconstructed (90%)

4
MC “He Bad reconstructed (10%)
(/2]
.'5-’ 107: e
* Goal: distinguish well-reconstructed rigidities from 2 F
poorly reconstructed ones. B
10°F
* The majority of R < 0 events are poorly reconstructed. -
e Define a data-driven label: 105: F|J b e
Ryy—R -
- Based on* ﬁ * Ry = Inner Upper Half -
- e R;y =Inner Lower Half a
* sensitive to spillover. I H‘L..
1 04 - S
v ™~
- Reliable He candidates should have a (CL;g5) score ~ 1. [

-1 -08 06 04 02 0 02 04 06 08 1
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Classifier label dependency from Rigidity (R>0)

=

_dii-.l ...... 1 ..... '||1||, ................
CA L. e

RUH'RLH
RuntRin
o

HUH'RLH
Ryy+Biy
o
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1 10 10° 1 10 10°
IR| [GV] |IR| [GV]
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Classifier label dependency from Rigidity (R<0)

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

HUH'HLH

RUH'RLH

Run*+BLy
o

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

1 10 102 1 10 102
|R| [GV] |R| [GV]

10/10/2025 Francesco Rossi - University of Trento



Signal efficiency as a
function of measured
rigidity
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Supervised classifier input features and training

Input features: .
Inner Tracker: no L8
* ldentify variables with high classification power|. TRKY residual (x 6)* ** L3/L5/L6
e 23inputvariables * TRKXresidual (X 3)**
* TRKY hitnumber
* TRKXhit number RICH:
. |RINNER|—|RINNERL1| « Zpich
|RINNER|+|RINNERLA | « N.PMTs (ring)
« MINand MAXZonTRKplane || * N.Photo-electrons

Training on R>0:

 Sample balancing: “signal events” are shuffled and downsampled.

Ryn—RLH

< 0.2 fraction is 50 % and ‘M
LH

> (.2 fraction is 50 %.

* Afterwards, ‘
UHTRLH

* ISS data (2.8 X 10%) and MC (4.9 x 10°) events
* 70% used for training, 30% for validation

* After the training CL,qs is applied to R<0 ISS data, CLy is applied to R<0 MC.
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Autoencoder

Encoder Decoder
* (Goal: minimise losses in the compression- Inpat Hidden Latent Hidden Output
decom pl‘eSSion process. /layer layer 1 layer layer 2 layer\

(X-Y)? X =input

 Reconstruction error : MSE = Y = AE’s output

N features

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

* The autoencoder fails on badly reconstructed events,
while well-reconstructed events are unaffected.

To have a variable defined between [0.5,1], the sigmoid function (TLWSE) is used:

1
1+ e~ MSE

Anomaly score =

Reliable He candidates should have an anomaly score ~ 0.5.
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. - Inner Tracker:

Autoencoder input features and training |. rrcy residuat (x 7)
 TRKXresidual (X 4)*
* TRKY hit number

Input features: «  TRK X hit number

* ldentify variables with high classification power between . |RiNNER| ~IRINNERLA|

the R>0 and the R<0 sample I i

* 30inputvariables RyH+RLH
 TRK NormEdep2XY (X 4)**
e MIN-MAXCH on TRK plane

ACC:
* ACC counters

Time Of Flight:
e L3 on-time cluster
e L4 on-time cluster

Training on R>0:

* Cutonreconstructed rigidity: Ryynvgr < 200 [GV] (MDR). * L3/L5/L7/L8
. ISS data (1.2 X 107) and MC (1.2 X 107) events HOILOMLTILS
* 70% used for training, 30% for validation

Eon—track Y
Edep Y(2em) + Egn—track¥
(NormEdep2Y — NormEdep2X)

(NormEdep2Y + NormEdep2X)

NormEdep2Y =

“NormEdep2XY =

After the training AE ;g is applied to R<0 ISS data, AEy, is applied to R<0 MC.
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Workflow:

* The networks have information regarding the rigidity, but not § (TOF, NaF, AGL).
» After the training (on ISS and MC), divide 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<

* For eachrigidity bin, cut on the network’s outputs using the efficiency on “signal-like events”.
* Reconstructs the mass of the survivors (ISS and MC).

and rigidity bin get:

« CL score for ‘M <0.2 L
Ryp+RLH
| * AE anomaly score for R;yner > 0. .
- * Cutvalues at predefined efficiencies. I
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 orthogonality ., 'S5 DATA -3 MG
TOF R € [1.92,4.02] GV .{ Ll
I 1 |
Ratio: no cut / cut on score 145 - Lol
1.21.f ++++++ 1 A M.lillll |Jr
—_— —_— : H ++"-i""""'*""+*'4+++-h++_,_,.hH | [T ML | +
off 095 —eff.090 — eff.0.85 | Easaer O L il .M.Hﬁﬁi
—eff.0.80 —eff. 0.67 S AR UG IR LU i
_ 0.8 : 0.3:
I osf _
CL score |% <0.2 0.65 ~— 02 04 06 08 1 i o 0z o4 i_|°'6| 08
m— a mmm s s s h mm b o s Em § EE s EE s Em s s Em s Emm s mm s ISS clagsifier score | _ | __ . U — " C.:cl_a-ss:fuisc:) re_ S —
2 — : 2: T
AE anomaly score Ryyngr > 0 18y : 1-3;
1.6 i 1.6}
—eff.095 —eff.0.90 — eff.0.85 N Ll
—eff.0.80 —eff.0.67 : Lol
_ I <l =+
' ==fﬁ+$+%++ . =|=|==|=%E
I E=
: 0.8}
- |
0.6 I 06
- I o

1 \0.6I L 1 \0.7I 1 1 \O.BI 1 1 L 1 I0.7I 1 1 I0.8I 1 1 1
10/10/2025 ' ISS anomaly score MC anomaly score




. 1' T
Check on the orthogonality | ISS DATA [ : MC
f o
TOF R € [1.92,4.02] GV = R
I e, JJ_'JJ i ":’ =] ‘t“ F
S s B _ .
1077w v e 1072 i
- ‘ : e Lo :
—eff.0.95 —eff. 0.90 — eff. 0.85 e : 3 : : _
—eff.0.80 — eff. 0.67 i LR S ey
| . U erll. U. : Eﬁ#ﬁ;: ::
_ 1074 {1 1 10 “‘
CL score |M <0.2 T v T s - 0 02 04 06 08 i
Ryn+RLn CL,  output : CL,, output
_________________________ 1_._._._._._._._.:_.1?._._._._._._._
F I B
AE anomaly score R >0 i I :
INNER | L : 101
102 -I_I_I_'—L ! 1072E
The networks are coherent. j iy T :
Cutting on the scores of one network R B T
increases the % of “good events” in ol I
the score distribution of the other. :
L S I S B P B R a: -
05708 07 08 09 1 | gpe—egaeegoegeggey

Anomaly score (AEI ss output)
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Mass distribution TOF
Re€[1.92,4.02] GV

« 80% efficiency on R>0 AE anomaly score <10 Rixueg € [4.020, 6.470]

i 1 1 I I'$ Q$ l UL 1 L F LI I L | L | LI 1 L II'__ 7

. RyH—RLH T\ ag : ’ ——

« 75% efficiency on CL score ‘RUHTLH < 0.2 0.12 Q,\'\‘]\ : |ss dala {R 0)

(1 T | S : 4 ........... e, S ........ —
Ny . . He MC [RINNER OJ 15 &
S : . 9 S
0 Q.08 i R 5, S e et s Seee I
& : 1 | SSd o Ja =
= [ ] | e ® 1 S
20.06{ : — ' c
2 ) : 2
S | <
& - = s i
50_04__ ..................... : u:j

0.02 :
00

Mass [GeV/c?]
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: s _ l —
Check on the orthogonality 7 IS DATA Ll MC
1.8 i
NaFR E [6- 4-7, 9- 26] GV E : 1_6"' |
I | :
Ratio: no cut/ cut on score i T
1.2 #H‘" i i 1211, :-:..":: HHT 1R J
—eff.0.95 —eff.0.90 — eff. 0.85 LT l VTR T T |
11&@5&111@&&%#%%# L TR RT3 T 7
—eff. 0.80 —eff. 0.67 . 1 !
| 0.8 : ' I
: I o]l
Classifierscore| un=Rin| g 2 I ST BT B R S e e PR
urtRin | ’ " ISSOQ:Tassifie(r).:core » 1 : | MC t;lassifier :score |
e R R T TRtk SO -.i_lz_._._._._._._.:
Anomaly score Ryyngr > 0 181 7 i 1-3;
1.6 1 ! 1.6
—eff. 0.95 —eff.0.90 — eff. 0.85 b ! : Jaf
—eff. 0.80 —eff. 0.67 ol ik iof 1 i
- 2 + TTTTH 2[ IE=ANNE
i 1%:;&%-:—'!:- 1k 121 H : - !!-H-::T_ ] = T[13
= T 11 1;-¢ | I RERNRESESE
0.8 T+ : o[
0.6 | i 0.6

0.5\ L |0.6| L1 |0.7| L1 |0.8| Ll |0-9| L1 1 0.5| L IOIB‘ L | ‘0.7| L '0.8| - '0.9‘ L 1
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4y TTTGSDATA T 1 0 C
Check on the orthogonality | I :
_ I _
NaF R = [6. 4‘7, 9. 26] GV 10_13 : 107}
1 . .
L :
— Good reco. (R >0)— eff. 0.95— eff. 0.90 ! - :
INNER : i ' :
eff. 0.85 — eff. 0.80— eff. 0.67 Lo fﬂtﬁﬁ ﬁ”" "W%"'H
107 I 10
Classifierscore| v RiH| . 2 0 oz 04 06 08 1 | T B S TR ¥ B—
UHtRLH CL,gs output I CL,,. output
________________________________________ hm ¢ =t = mm o mm s s =
13 E: 1% o
= :I =
Anomal E ] [
y score RINNER >0 i _: . P_L'-
10711 J1 10 J
é N
—_ — — ! 11 i
ISS data (R’INNER:»(}) eff. 0.95 — eff. 0.90 .| Eu,_ : 102} ;
eff. 0.85 — eff. 0.80—eff. 0.67 | ‘-l.iL o 1 :
I 11 [ _H:L'E"l ]
107} i : 1073? :
k H_%‘I - :
_I - |
,4 =S HE| Ll-L
105‘. .E|10§|\| N u N IIL;:I

. 1 \0.6| [ |0.7| L |0.8\ 1| \0.9| L1 \OIGI \0.7I ID.B\ Io.g\
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Mass distribution NaF
R €[6.47,9.26]| GV

* 80% efficiency on R>0 AE anomaly score

* 75% efficiency on CL score ‘

Ryn+RLH

Ry € [6.470, 9.260]

:rlIIIFIIIIIIIIIIIIIIIIIII!IIIIT

M _
| \$V 5 f |ss dat é 0 E 8

N R
: : [ ] :

& " n “He MC (R G] =
L 8l LA =i, JMNER'. ]
— H E : 6
> [ : =B i1
S [ - o s
i ;| A — LI S N - ISS dat_‘r_i__.(.___:NmEng) ..... _
o " u : : : N
5 | . " 14
o : ] :

c B u ' 4 : =

L% 4 ,__ : E He MQ..(_%_?NER{G] _i 3

i u " 42
| L] =
L 11
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4 5 6 1 8 ==l
Mass [GeV/c?]
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Ryn—RLH

< 0.2

Events / 0.1 [GeV/c9]

Events / 0.2 [GeV/c?]

80% efficiency on R>0 AE anomaly score

50% efficiency on CL score ‘

A i s AN A Al A

Run—Rin

Ryg+RLH

R, g € [6.470, 9.260]

< 0.2

'—-—...IS.:.S:..s.ﬂﬁta...(E.»‘mWER::;Q} .....

INNER

=_.!?f.5..9ﬁté..<ﬁ~.~ ....... 2

‘*He MC [R <Q)-
INNER :

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

Illillll

University of Trento

3 4 5 6 7 8 918

Mass [GeV/c?]

Events / 0.2 [GeV/c?]




I 2 ——T
: T ISSDATA -
Check on the orthogonality | ‘ Lo Mc
: I :
Ratio: no cut/ cut on score 14] Ll
: il H | i 1
M | T,.l it
—eff.0.95 —eff.0.90 —eff.0.85 LSNP B 1
—eff. 0.80 —eff. 0.67 | Il AL
0.8 : 81
i Y
Classifierscore| va—Rin| - 2 S A N A : O R S T Y M—
uHtRLH 0 0.2 04 » 06 08 ! | MC classifier score
e e e e e e e e e e e e s e o e e ooclassifierscore e
2_ T Td [ T 1T ] T T | L I 1T T 1 L : 2:
Anomaly score Ryyngr > 0 18] 11 18
; ; {1 |
16_ : 1.6} -
_ | 1 I . 4
_ _ _ 1.4} | 4 Ar +TF i
eff. 0.95 eff. 0.90 eff. 0.85 I | i g .%:I:# I .
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1 —= | - T : 1 f F -2
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L 11 T
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. 1 . —— I
Check on the orthogonality | IS5 DATA :
_ i
AGLR € [18,24.7| GV o :
KR 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
!
= A 104
Classifierscore| UH+§LH <0.2 " 0 02 04 06 08 1 : R T R VR YR S
gL . C.L,,ss outpilt . : CL,,; output
_________________________ m e R e o L L
: T
Anomaly score Ryyngr > 0 [ 11 I
10—155-%— E : 10-‘-J -
e N
—ISS data (R >0) — eff. 0.95— eff. 0.90 ,q:| et |1 el : |
: 11 : = :
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Mass distribution AGL * 80% efficiency on R>0 AE anomaly score
R € [18, 24. 7] GV * 50% efficiency on CL score ‘M < 0.2

Ryn+RLH
. . 6
Ryy—R . \‘\V\\“P\ i g 5 : | -
« 75% efficiency on CL score ‘ JH LR < 0.2 pREM ¢ .f'._._:|ss data (R@ >0) 9
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1) o : i ‘9- | - o
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S : bl fé&— 3 I i 5
- . = o L H ]
S : P o G ; . 5
B. SN S— . T I%_OO S N
£ u {4 £ 4’ 3 : >
: 1, & iry
' : = 3 w - H :
: :i 5 0.0(:!2 .................... E .................................................................................................
. ] o

) 00'1234567391(9
Mass [GeV/c] Mass [GeV/c?]

10/10/2025 Francesco Rossi - University of Trento



Confidence limit estimate

Identifym candidates:
« additional cut on the reconstructed mass mgg € [2,5] GeV/c?

Number of survivors in data (n;s5) and MC (nyc), integrated in R.

Monte Carlo toy procedure.

Repeat it for

e TOF:
e [1.92,4.02],[4.02,6.4]
* NakF:
* [1.92,4.02],[4.02,6.4],
[6.47,9.26],[9.26,13],[13,18]
« AGL:
- [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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95% confidence limit on — at 80% eff. on AE anomaly score RE‘/M/N
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Conclusions

Two independent and orthogonal Neural Networks have been presented:
1. Supervised classifier quantifies the quality of the reconstructed rigidity.
2. Unsupervised autoencoder identifies well-reconstructed events.

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

The networks trained on ISS are used to identify possible He candidates.

95% confidence limit on % for TOF, NaF and AGL detector.

Studies on the reliability of the He candidates (distance from tracker feet). ONGOING

e Cross-check with MIT candidates ONGOING
* Coverage of the MC toys procedure ONGOING
e Combination of the limits ONGOING
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Event selection:

RIL o, TRIGGER
. Good RTI | Physicaltrigger (| g clusters > 4
: Outside SAA g >03
: Livetime > 0.5 Xemp < 10
:Zenith < 40° :

TRACK

N. tracks < 2 Z Inner Tracker € [1.7,2.4]
L2 XY hit Inner fiducial volume

Y pattern: > 5 between L3-L8 X% (inner) <10

X pattern: = 4, L3||L4, L5]||L6, L7]||L8 )()2( (inner) <10
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Tracker fiducial volume cut:

L1: |[R|<62cm, |Y|<47cm
L2: |[R|<62cm, |Y|<40cm
L3: |[R|<46cm, |Y|<44cm
L4: |[R|<46cm, |Y|<44cm
L5: |R[<46cm, |Y|<36cm
L6: |R[<46cm, |Y|<36cm
L7: |R[<46cm, |Y|<44cm
L8: |R|<46cm, |Y|<44cm




Rich hits and compatibility with TOF

_IlIII-III|III*III|III-III.III-III-III-I_

0.08
0.2

|I|.|_

0.07

0.18

016 N@.F
0.14| —— AGL

0.12

H BN E R

0.06

0.05

0.1 0.04

0.08

0.03
0.06

0.04 0.02

0.02

0.01—

AN AaRAnARNAR [RRANRALY

5 B 10 12 14 16 18 20 22 24 26 28 ot I I . —— :
Ring hits 0 0.02 0.04 0.06 0.08 0.1 012014015013

IBHICH BTC)FI

=1
(&

10/10/2025 Francesco Rossi - University of Trento



Feature Ranking
CLiss

10/10/2025

Feature ranking

TRK TrackResidu
TRK TrackRes|du
TRK' rackRes|du
E rac Eem u
TRK“I’I’%E Resmﬂ L5~
TRK"I’rac Re5| uallL7™

?( orr._ i<
TREK_ Trac ResT ualt6

charge PMTs r|c

RN

J'J'X:T

TRK Traca%R?zlduaﬁt
orr rit
rin Ts27rich

gJVI r|ch
TRK Tracl-cRe ualt.
Si malnnertl

r|ch
TRK TracERes@uaﬁtcl
TRK TrackResiduallL3™

rc
TRK TreckeSlalal -
NMormEde t} X
TRK TrackResiduallL8 X
NormEdepZLS XY
totPE Unﬁ?rT rich
TRE_ MAXchXYoﬁTr Plane3
crmE e 2L4 )(Y

ta consist C‘)Erl
TRK MAXchXYonTrﬁnc H%
TRK_ r‘~.lc}rmE|d\£_'J 2L3 XY
chi2Timetof

CIusterOnLB
TRK MAXchX'YonTEPckPIaned

NormEdepZL8

Cl %%eanL‘l

TRK NG'YI‘mT e T
cNeRene ere
K.M

:'I\J"H

<

-<

RK NormEde XY
INCﬂKYonTra Plame?
TRK MAXchXYonTrackPlanel
TOF OffTimeClusterL3
TRK MINchXYonTrac Planel
TOF OnTimeClusterlL4

T8 ImeClusterL 1
TOFOnTimeClusterL 1
CC Ant ounter '
TOF OnTH‘nengster '
oo tof 1
InherHitx 1
TOF OffTimeC|usterLl W *
TOF‘OnﬂmeCIusterL
%I“ts ric .
TOF_OffT| nmeC usterL
10-3 1074 1073 1072 1071

Francesco Rossi -

University of Trento

Feature importance




Feature Ranking
CLyc

10/10/2025

Feature ranking

I
—TrackResidualL5™Y
TRK Trac Resldua L77Y

chargedPMTs Frt|::
fingPMTs~r|c
rin MT52 ric
totPE Orr_ric
TRK Trac R‘E5| ualt
TRK TrackRes|dualL
TRK Trac Re5|dua L
HIts, ric
TRK TrackRemduaItﬁ
measPE_Corr_rich

char [? ~rich

TRI( TrackRe5| ualtd
measPE Uncorr I‘IE
waarnrfErL

bheta consisten
beta cc-ns$| tenéﬁ
r|c

TRK_MAXchXY nTra%kP ane3
rackResid IL(J

TRK_MAXt XYonTr c PIanEZ

TRK Nar XY

TRK | AXc‘nXE%nTra Paried

TRK MIN Ant| unte

X
X
X
n
X

=)
~

_|
JJ
'ﬂ“n
Z
D
-ﬁ
33
ITI
)
SR
)
=]

TRK Trac 7
TRK MAXT XYonTrac‘éP an
XYonTEIaec an

T i Normedzgatd

|
: Tan
TRK NormEd:.lﬁzt X

7~

TRK"NormEdep?2
TOF OnTim

—
v
-~
=
=

|rne sterL
ime to
fleme lusterL2
fprme
nTimeC|usterL3
imeClusterll L]
meClusterLl

=
; Qé'&;@ 5‘
:n:_u’d 1
IK?{
mﬁﬁj

r|=r|tx L
ch YonTr r:k anez ——— I e
+—

lusterlL4 L

usEeanll:g_j(’

sterOn

ﬁn Hilts rich
dont var

Francesco Rossi -

1073 1074

University of Trento

1073
Feature importance

1072

107!




Normalised events

Normalised events

Scores TOF

0.7

0.6

ISS-data

TOF

T-L-l-l—-a ]

LI L R L L A

. ININNER

0.7

0.6

0.5

ISS-data

TOF

- Rppeg €[4.02, 647[ GV

Normalised events

| i
0.4 0.6
CL,;; output

ISS-data
0.45 T T T

0.35

e
[

Mormalised events

Bl R e e e g

= el il
0.4 0.6
CL,; output

e
-]
-

10/10/2025

i j
0.4 0.6
CL,; output

0.2 0.8 1

o : ¥

ISS-data TOF

E:uuiuuniuuu!uuu!unul

0.4

0.3

s P Y W P

o
o

0.4 0.6 0.8
CL,; output

Normalised weights

e
[

e
o

e
'y

*He MC simulation

0.2f

L I B L B

- Rpqer €[1.92,402[ GV

f

g

o

0 0.2 0.4 0.6 1

CL,,. output

0.8

Normalised weights

*He MC simulation
e

e
[

- Rpngg €[4.02, 647GV

e
=

o
n

0.2

d N I

0.2 0.4 0.6 0.8
CL,,c output

]

Normalised weights

0_6 T

0.5

0.3

) RNNRUREN N | BRSO SESURUUS S S

*He MC simulation

— T
© Rpogs €[192.402[GV

Francesco Rossi - University of Trento

Normalised weights

*He MC simulation TOF

' Rpous £[4.02, 647[ GV -

o e e o e
o [ X = 2

(=] -




Scores NaF 1

ISS-data RICH-NaF ISS-data RICH-NaF
AN DA R B B rrorrrrr T e T

“He MC simulation RICH-NaF “He MC simulation RICH-NaF
A A0 A If.li"
‘ H H 1 Tars i PRS- N— AT P ——

 Rpogr €[1.92,4.02[GV |  Rpoe €[4.02, 647[GV

- Rpoe €[4.02,6.47[ GV

............................................... E ] 0.8
£ & B £ £
5 5 5 >
= 2 04 — - =
@ © = &
; ; : :
= = 03 " £ =

H [, 1 L]
£ E E £
=] =] o Q
= Z 0.2 - = =

0.4 0.6 0.8 1 - 0.4 0.6 0.8 1
CL, ;5 output CL;; output

ol | T P
0.4 0.6 -0 0.2 0.4 0.6 0.8 1
CL,,. output CL,,. output

“He MC simulation RICH-NaF “He MC simulation RICH-NaF

ISS-data RICH-NaF ISS-data RICH-NaF
0.6[F — T

H A

; - Rpogr €[1.92,4.02[ GV ' Rpoer €[4.02.647[GV -
0.5 n ; - : n ; i

i

o

[
T

£ od | ¢ z e |
=4 ol S = H
g 04 2 5 1 2 |
o H [} H i .
=) : k=] ; . = 0-6;
2 0.3 4 2 T 3 |
® : 1 = ® o 2 @
E ; H £ = H ™ !
= A = H

: ! ] g 0.4f
E 0.2 =t zo E 1 s ;

= =

o

=

1

=

L T [EIN X 08 X0

0 0.2 04 0.6 0.8 0.4 0.6 0.8
CL,,, output CL,;; output

-

02 04 06 08 1
CL,,. output CL,,. output

e

[=2]

ol IR
[--]

iy =

10/10/2025 Francesco Rossi - University of Trento




Scores NaF 2

ISS-data RICH-NaF ISS-data RICH-NaF

JNLE B LR BEELELE BEELEL L B L A

*He MC simulation RICH-NaF *He MC simulation RICH-NaF
1”_...I.....I T l ||| F T ||| T || T | A=rrr l M E LN L |

: : : E 0_4 o 14 @ i i.........................!...................... - _ i ;; H i
0.5t R € {647 F26L GVt - Roner €[9-26,13.00[ GV : - Rpoer €[647.9.26[ GV - Rpor €[9.26. 13.00 GV

o
'y
!

0.6

e
[=2]
T

1

e
X

o
I
i
10

Normalised events
Mormalised events

b
ha

Normalised weights
Normalised weights

N S e veven s ey ey

ngﬂﬂ«_ﬂg..J ; L
0

. 04 I I 0.6 I 0.8 0.4 0.6 0.8
CL,,. output CL,,. output

H J i . : )
0 0.2 0.4 0.6 08 1
CL,;; output

(=]
o
&)
=Y o o o

CL, output

ISS-data RICH-NaF 1SS-data RICH-NaF
R A L B B LI LA

 Rpogr €[647.9.26[G

*He MC simulation RICH-NaF “He MC simulation RICH-NaF
T

- Rpoes €[926. 13.00[ GV

- Rpagr €[6.47,9.26[ GV

* Rpoar £[9.26, 13.00[ GV

o
o
T

-]
(=]
-
=

T
L

RPN ST RN |

s 2
o

T

i

Normalised weights
Normalised weights

= oA = " 0.2
E - |. 0.4
20.08f 1} 0.15 = |
v m ] 0.3 ]
il I - . - 0.1 -
0.04f-|-{{ 1 ' 0.

| I
0 0.2 0.4 0.6 0.8 1 0 0.2
CL,,. output

- Ll 1R o .
) 0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8
CL,,, output CL,,, output

abres oy by g

10/10/2025 Francesco Rossi - University of Trento




Scores NaF 3

ISS-data RICH-NaF

A B R R BRI

“He MC simulation RICH-NaF

0.18f
" w
£ 0.16; =
> 0.14 s
e : :
20.12 P 3
= H B 2
e 1 E E
50.08 — é
0.06f E
0.04f s =
0.02F : i -
T WS TN it NN | |
0 M
0 0.2 0.4 0.6 0.8 1 0.2 0.4 0.5
CL,; output

CL,,. output

ISsS-data RICH-NaF

“He MC simulation RICH-NaF

0_25? .................... l et i LI | LI I ! 1: - | T 'i L A . o .
L Rpoer 55[13.00,513.00[ GV : Rpover €[13.00. 18.00[ GV
0-2_. . N . |' ......E.... .....?. P . ..;.. P PR 0-8 H H
s B | . a
= £ =
o E
: 0.15F—HH-- _%n 0.6
2 x
2 E:
= C
E o . E 04
4 : b o
H B 1 1 ? z
o.051-HEHH: ‘ 0.2
. il 4 : :
0.4 0.6 0.8 1 % 0.2 0.4 0.6 0.8 1
CL,;; output CL,,. output

10/10/2025 Francesco Rossi - University of Trento




Scores AGL 1

ISS-data RICH-Ag
A B R EAREN BLE

E

0.5[i Rysvgg € [4:02 GATF GV i

i
TN o e o

s
b
i

MNormalised events

i i
0 0.2 0.4 0.6 0.8 1
CL,,; output

EiISS-data RICH-Ag!

AL L A L

. Rpogr €[4.02.647[GV |

grornpmfon g g efen g

Morm alised events
f o s
- 2]
|

10/10/2025

ISS-data
0.4 LT

Mormalised events

0.4 06 08
CL,,; output

ISS-data

RICH-Agl
A B R B

 Rpor €[6.47.9.26[ GV

i-r-m- !".-("!-' ppebe

Mormalised events

I T e

0.6
CL,;; output

Normalised weights

“He MC simulation RICH-Ag!

LA S B |

- Rpoer €[4.02,647[GV

A R B
0.6 0.8

el
0.4
CL,,. output

“He MC simulation

L B

RICH-Agl
T §

T Rpoee €1402,647[GV

o
- o
> M

Normalised weights
(=]
L]
o

e
=

| T o | e
0.2 0.4 0.6 0.8
CL,,. output

[=]
o

Francesco Rossi - University of Trento

*He MC simulation
I LA LA S

=

RICH-Agl
I ..I.. : :

- Rpogr €[6.47.9.26[GV |

Normalised weights

AP SR S
04 0.6 0.8
CL,,. output

“He MC simulation RICH-Agl

L L B B

* Rpogr €[6.47.9.26[ GV -

e o
B o

e
w
T

Normalised weights

e
ho




Scores AGL 2

ISS-data RICH-Agl 1SS-data RICH-Agl
T T T T 0.2

“He MC simulation RICH-Ag “He MC simulation RICH-Agl

—TT l —T T f —T T | L — | T T T I_ T Illl_lflll!l T 1 T T

WUV, O FURR R OO VY. PO NN PR A Y WORY S UL SN OSSR SO
¥

. Rpow €[9.26, 13.00[ GV : 0.48f— Rz €[13:00; 18:00F GV~ 09 R nowr €10.26, 13.00[ GV 08 ... Rooer €[13.00, 1800 GV

2012

o

Normalised events
Normalised weights
Normalised weights
o
on

o

0,08t o

e R N B
) 0.2 0.4 0.6 0.8
CL,,. output

phc—/— . 1 o 1 i

0 0.2 0.4 0.6 0.8 1 % 0.2 0.4 06 0.8 1
CL,, output CL,,, output

“He MC simulation RICH-Ag!

ISS-data RICH-Agl ISS-data RICH-Ag!
N B BN B BN

0.45 R e E .......?...!...!...
H : 0_5; i

“He MC simulation RICH-Agl
0.7

B S B S B

- Rpoar €[13.00. 18.00[ GV

Rpoer €[9.26, 13.00] GV

t-; rt-l

. Rpoer €[13.00.18.00[GV_

o

e

Normalised events
MNormalised events

Normalised weights
Normalised weights

0 0.2 0.4 0.6 0.8
CL,,. output

| IR T PO =

ij..éd..i.._li..
0.2 0.4 0.6 0.8
CL,,. output

e Eh--r-t-i--r-w-w-w-l

0.4 0.6 0 0.2 0.4 0.6 0.8 1
CL,,, output CL,,, output

10/10/2025 Francesco Rossi - University of Trento




Scores AGL 3

1SS-data RICH-Agl ISS-data RICH-Agl “He MC simulation RICH-Agl “He MC simulation RICH-Agl

A O A0 LR 0.2kt ‘ . ' e ' e el T l T ‘ T ' T ' T 0-8; T ; :| ! f
0418 - Ryper €[18.00. 24.70[ GV 018,“RM,ERE[24703110[GV_: TE RM-ER;E[IS.OO,EM.?O[ GV ; 0_7; Rpoer €[24.70,31.10[ GV
0.16 = 0.16 =
o
2014 £0.14 £ 08 T £
@ o > (=2}
2 > @ ®
= 0.12 @012 =z 0.5 T =
b b~ - 5 -
@ 0.1 2 01 ® 0.4 A @
= : E - i =
E0.08 E .08 E s 1 E
S s O 1 o
Z0.08 Z0.06 = =
0.04 0.04 02 1
P I B e’ == | P e, S bt T 0 i —
0 0.2 0.4 0.6 0.8 1 ] 0.2 0.4 0.6 0.8 1 Y0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
CL,s5 output CL,,, output CL,,. output CL,,. output

1SS-data RICH-Agl 1SS-data RICH-Agl “He MC simulation RICH-Ag

“He MC simulation RICH-Ag!

0.7fF ;l T T T i —_— oo T T T T
| ] 0.8 S SR S : LR 5{5[?4 70.31 10[ Gv ]
! os RM-ERE[lSOO 574-70[61_"’ 0.8F NNER e B
1 0.7 : '
& il ° w 0. r -: a2
s s = = S 06
: : - 2 0. ] 3
3 3 E = 05
] @ - 0. o] @
® = 2 o 4 =2
E E S o 4 g
o o E i =
= =z 5 5 : S 03
= 0. g =
A 0. _: 0.2 -'E
_ : i 0. : . . _ _E (].1E | | ] i
% 02 04 06 0.8 1 0d 06 . 1 N O | R T N g 'oizl : '0‘4' 'D'B' : 'nIEh _—
CL,,, output CL,,, output 0.2 0.4 0.6 0.8 1 : - : -
CL,,. output CL,,. output

10/10/2025 Francesco Rossi - University of Trento




Scores AGL 4

1SS-data

RICH-Agl

0.2~

L R L L R B

~ Rpoer €[31.10,36.10[ GV

ISS-data

0.4 0.6
CL,  output

0.2

RICH-Ag!

o

L L L L

e

Normalised events

CL,;; output

10/10/2025

ISS-data RICH-Ag!

LA B AL A L L

CL,;; output

ISS-data RICH-Agl

E. N B L N B E
0.6k 5 E : H
"
£
> 0.4fr -
L =
T
w H
2 4
w E
£
o H
= -
o TR R 1 R
0 0.2 0.4 0.6 0.8 1
CL,;; output

“He MC simulation

RICH-Agl

T

Normalised weights

i

IT T S BT T AT |

N R
0.2 04 0.6 0.8 1
CL,,. output

Normalised weights

“He MC simulation RICH-Agl
D

Rpoer €[36.10, 41.90[ GV

-l i

0 0.2 0.4 0.6 0.8 1
CL,,. output

*He MC simulation

RICH-Agl

Normalised weights

'“i'"Rr_\JNER';'EB}-'105'535-“10[' GV

Loy

Francesco Rossi - University of Trento

Normalised weights

RICH-Agl

“He MC simulation

A A A B
- Rpoer €[36.10,41.90[ GV
0.6 -
0.4 4
0.2 =
. —r et i
0 0.2 04 06 08 1
CL,,. output




Feature Ranking
AE g

10/10/2025

ua 01{1'.;

:FEE%:&C esl ua Bl Y

TRK TrackRes|dua|L57Y

TRKTrackRes|dual|lL4™Y

TRK TrackResidualLe™Y

% nnertl

Th szégﬁez'g s
u

TRK Trac RES|J ual‘: X

TRK Tra A r'Ch

ncor rlt
TRK MAXC rac ‘Vaned
TRKZMAXc XYonTrat[_F aﬂg

TRK rackRe5|d altd X
TRK_MINT XYonTracTPIaneé

TRK Trackﬂ%m ua I:[:J
% sistency ric
TREK_MAX YonTr cPﬁT arlc
TRK MlNchxvonTPaEkP an

foor e

TRK TrackRe idt?aﬁta X
TREK NormEs e 2L8 XY

eta ¢ nsL? nc TO

% n ric
TRK_MINc XYorITrac Pane4

TRK_NormEge ppEEE y

t:har E I‘IC

¥EK TFac RE!Sl O|Egt_0x
TRK | MA§t ?&on rs'ct'ﬁanez
TR%F@ Ega BéL%xv

TRK_M]NchXYonTrac rrkm
TR I\f(ormgda kz" 8
0unter
TOF_ OnTl‘meCIus terl3
IranerHlt}(
random var
TRK Nor Edep LF XY

TRIIR %Sdter

F pme us er
|me usterL%
TimeClusterL

|me sterLﬁ
er ric
ﬁster

———
"“?

_|

sterlL
ringHits_ric

F
IsBo
%8 Tlmgg e
F- ffTEme

Francesco Rossi -

10°°

University of Trento

1074 1073
Feature importance

1072 107!




Feature Ranking
AE yc

10/10/2025

TRK_TrackResidua|L2 Y

gs' ua LB%

TRK TrackResj
TRK TrackRes|dual|lL4~Y
TRK TrackRes|duallL3™Y
TRK TrackRes|dua tg:‘r

rackResidua Y

TRK Trac R%s Py
TR racERes@uaTtg‘x
TRI-(:Tr«:-:cr rI_?e

i

Y
FICE
TRK_ MAXChXYO%% CKP?E
g e
;
itx

TRK rackReS|d at2
TRK MAXthXYonTrackPlans

TRK MAKch%ﬁnwﬁg§° aﬂé

TRK MAXchXYonJEag(P ane

ric

TRK_MIN-:RX?%nTr Planel

TRKZMINC XYonTEa netl
TRK_MNormEde

char r|c

ﬁ 9' —r|C

beta COHSISt nc I'|C
measP FICO r|c

TRK_M NchXYonTra&rﬁanS
eta consistenc

TRK NormEde %
TRK‘NDrmE eB L? )(Y

TF}_KEEI uste rgl]tg
T heekicel i
No e LG XY
AL j’om
TT I&_T ac 1&6 ¥
TRK_MINch YonTrha2 ane
TRK CIuste&%nL@a‘r

h2 [
TRK. ormE 2L5™X
TORF |me usterL.
TOFE™ Fh_[me usterl
]’r E imeClusterl3

nTimeClusterL

uste eréL
uster

B
oSS
:\[F @%me uster

107t

imeCluysterlL
- rr?nnglJts ric

Francesco Rossi -

1073

1077
Feature importance

107°

University of Trento

1073




Scores TOF

“He MC simulation TOF “He MC simulation TOF

ISS-data TOF 1SS-data TOF

_!IIII!IIIIIIIII!IIII!IIII _!'"'!'l"!'lll!llll!llll

oy

0.35 T T T

KMH{%E[AI:OZ 04 GV

T

0.35(

Rooem E[192,402[GV_ 4026477 GV Rpoer £[1.92,4.02[ GV

e

e
w

0.2

L L . A )

g ‘} g

e
b
2]

0.15F

0.15

0.1

T 0 0 O 0 B

MNormalised events
Normalised events
Normalised weights
Normalised weights
o
[~

L

&
==

0.05 0.05[-

LI O O B S . ITI BN PO AU L B . O

H T T r——
I o A S
o 0 B A B A Wl

0.5 0.6 0.7 0.8 0.9 0.5 0.6 0.7 0.8 0.9
Anomaly score {AEms output) Anomaly score {AE”Ni output)

—

Fl o

GO.& 0.6 0.7 0.8 0.9 0.5 0.6 0.7 0.8 0.9 1
Ancmaly score {AEMC output) Ancmaly score {AEMC output)

i
1

[y

10/10/2025 Francesco Rossi - University of Trento



Scores NaF 1

ISS-data RICH-NaF ISS-data RICH-NaF “He MC simulation RICH-NaF “He MC simulation RICH-NaF

R R A A T T T T R e o B e 5 050 S8
025[.. 3 0.25 L Rpoer E [4‘0%7__%47[ GV q Risin :tli,yz;'zlf:m[uv _: Riover :9‘5[4.02. 6.47[GV :
® His 4 @ H 7 @ 0.8 1 @ E !
e S A 1 50 I
= 1 3 : s [ 1 s oaf] ] b
o I y - - ) H H H H
S 015} 4 Zoask b 3 0§ 1 = [ i
= L : | = " 1 w w = B
E L g E [ ] £ 1 0.2+ - E
E 0.1+ fH 2 oaf + E ! E E m
! K 1 z I z r 1
0.05[+ H 0.05 I 01 5
i i AR A e di I P I o s A 1 S N D N T A [ = N H R S
0.5 06 07 0.8 0.9 1 %5 06 07 0.8 0.9 1 %5 0. 0.7 0.8 0.9 %5 0.6 07 0.8 0.9 1

Anomaly score (AE __output) Anomaly score (AE __ output) Anomaly score (AE, _output) Anomaly score (AE__output)

ISS-data RICH-NaF 1SS-data RICH-NaF “He MC simulation RICH-NaF

:! T 1 17T | T 1T 1 7T | L | LI B B I L B ;I: EI LI | LI B | T 1T 5.1 | T 1 1.1 I LI B N 1.2-! LI B I | | LI I B | | LI LI} I LI B I T 1 171 !-
0.28p - Ryyigg E[6:473 9.26f GVrr ] Rpoer E[9.26. 13.00[ GV 1 :
E [ 1 £ b 1 £ 08f 1
o f f o = o = B H
4 i 3 2 - ! 2 L .
T0.151 4 <0150 7 2L 1
s K ]l o L i o 0.6l H
E I 3 E .. ] © - 2
5 04f £ o1 ] e [ 1
=t 1 2 I 5 o 4
E 1 E { S 1
. iy ] 0.2/~ A
0 0 =

0.5 0.6 0.7 0.8 0.9 1 ol o e | o L b

0.5 0.6 0.7 0.8 0.9 1 %5 2.8 = 0.8 o5 y

Anomaly score (AE __ output Anomaly score (AE __ output
y (AE, output) Y (AE,  output) Anomaly score (AE__ output)

10/10/2025 Francesco Rossi - University of Trento




Scores NaF 2

ISS-data RICH-NaF “He MC simulation RICH-NaF

0.8

Rpowr €[13.00, 18.00[ GV ~ Rpogr £[13.00, 18.00[ GV

0.2 [
0.6
0.15 g 0.5

0.4
0.1

Normalised events

0.3

Mormalised weights

0.2

0.05

LALLELALA |I LA l|. LN | B J |' ks l|. B |' ul

e, L. P PO P PO OO YR PR PSP A OV OV PO O

T A A M e i B T M A M A M

'l Ll 1 |. — il J I L 1 1 L

0.5 0.6 0.7 0.8 0.9
Anomaly score {AEMC output)

G _i 'l 1 1 1 | 1 'l 1 1 | 1 1 —1 1 l | | 1 L
0.5 0.6 0.7 0.8 0.8
Anomaly score {.lﬂlu.EIEE cutput)

=

A B B A 1 T

10/10/2025 Francesco Rossi - University of Trento



-
-
-
-
S :
cores AGL 1 :
-
-
-
I1SS-data RICH-Ag! ISSdata  RICHAgl “He MC simulation RICH-Agl *He MC simulation RICH-Agl
:l —rTT | T T | T T | T | T I: :| | | | | I_' : 0.4 ..| T | T T | L L D.u_ T — | ..I....-'..............o----
i i i : “ = H [ ] : H i : ] L ; : : |
. g : 0.25}- i i i ] ; t
R éE[q‘U.L.. G471 GV ] ; E 0.35}- i Rooer E[402,647[GV. 4 i Rpoer €[647.9.26[GV. ]
o 4 . 02} ., 03 = e | |
£ O E ] 3 |5 i
s i 1 s F 1 1 202 e e 03 N
© H  =oasf- - - Z ; ] > 0 1
ks 5 12t 1 1302 - = 2 | ]
T : :;~ T H :;_ o= — — 1 = L 1
E : o £ o A © 1 0.2k Le ]
£ H S o4l A « Eoi1s = E I 1
2 2 i 2 |
: 1 H ] i ] L i
ANl 4 = i o1f 1
: i = . : 1 Hikm ]
ulll i i ol i . PP T ry ot o N oLl obl LLLLI | L L
0.5 0.6 0.7 0.8 0.9 1 0.5 0.6 0.7 0.8 0.9 1 . ~0.5 0.6 0.7 0.8 0.9 1 0.5 0.6 0.7 0.8 0.9 1
Anomaly score (AE __ output) Anomaly score (AE __ output) = Anomaly score (AE_ _output) Anomaly score (AE__ output)
155 155 - Y uc SYtP mc
-
-
-
155-data RICH-Ag! - . - . .
T, 0_2513,8,(:,@?”” lIRICHAg! . “He MC simulation RICH-Agl
- - Rpor £[9.26, 13.00[ GV i : €[13.00, 18.00[ GV 1 . 0.3
0.2+ - 3 - 0.
e [ o | ] . 8
= E i ] 2 =
o E @ I ] " = 0.2
2 0.15[- <0191 i . 5 g
o = =} | H =z 3
s s 8 £
E H E U =
S 0 £ ] i £0.1
= E z 3 = £ )
: i : =z = 0
0.05 0.05[" = : '
i '- i
E H A - 0.0
i : H H E ; : '=_ - B
ollle v v 1y T AR BRI EPRRPR hrnens e | I . : i : . :
0.5 0.6 0.7 0.8 0.9 1 0.5 0.6 0.7 0.8 0.9 1 . o 0 N P o2 .
Anomaly score (AE __output) Anomaly score (AE,__output) . 0.8 0.9 0.5 0.6 0.7 0.8 0.9 1
. Anomaly score ( AEMC output) Anomaly score {AEMC output)
-
-

10/10/2025 Francesco Rossi - University of Trento




MNormalised events

Scores AGL 2

ISS-data RICH-Agl

iiex E[18:00, 2470 GV

R W W 1

o
[}
B R

0.16f 4
0.145— :
0 12:1 {

o1
0.08f- 4
0.06

T R R R

%5 08 o7 08 09
Anomaly score {AEms output)

Rl o R

ISS-data RICH-Agl

013E AN S A

nor E[31.10, 36.10[ GV

-

f"l"t"l'"f"]"t"]"'l 1 Il 17 ]"l"] 1 I[ 1] I[ -

0.04F
0 na?

-

l](].5 0.6 0.7 0.8 0.9 1
Anomaly score {AEms output)

10/10/2025

ISS-data

RICH-Agl

0 000 O 0 A

i

i Rpqeer-€[24:70,31:10f GV S

t

(=] o o

e

P o [=:]
T™TT 1'-'-'-'-‘?

vents
T

d

I

i
T O 00

Norm
o o o
(=] (=] o
B &
g L O IO OO O L |
T T

5 0.6 0.7 0.8 0.9
Anomaly score {hEIss output)

o::
Y

ISS-data
0.18f

RICH-Agl

016 Ryes €[36:10, 41:90[ GV

A

0.14

e
Y
[*]

e
==

bt
=]
=

i lill]l_ . T"l"'i"]"'l" i

Mormalised events

0.06 :
0.04 3
o.nzpu._.g e 1

1 P S BN [ Aires ety s

0.5 0.6 0.7 0.8 0.9
Anomaly score {AEms output)

sy

Mormalised weights

Normalised weights

“He MC simulation RICH-Agl

0.25)-

W I.-.i-.-.l...-l.-.T.-.l...

i

o.zf I ]

0.155 | :
05 06 07 08 09 1

Anomaly score (AE e output)

“He MC simulation RICH-Ag!

0.25

. Rpor E[31.10,36.10[ GV

s
ha

T | N S T

0.15[ .
0.1 -

B S -

0.05

bl s i

St

o

.5 0.6 0.7 0.8
Anomaly score {AEMC output)

Francesco Rossi - University of Trento

ghts
e o
> ™
LRI

“He MC simulation

RICH-Ag!

0.25

F N O

e
o

0.15

N ..'...4 arihanitiardeanileon]

e
=

T

Normalised weights

0.05

T
N

%5 0.6 0.7 08 09
Anomaly score {AEMC output)

“He MC simulation

- _\TI1.| " Lt1||’]‘!|l\l

RICH-Agl

o
M
TILoT
|

iy

i i
rtrivbvretrertees

06 07 08 03

Anomaly score {AEMC output)




V. Choutko results
(GM 06.2025)
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Confidence limit estimate

. Identifym candidates:
« additional cut on the reconstructed mass mgg € [2,5] GeV/c?

* Number of survivors in data (n;q5) and MC (nyc), integrated in R.
 Monte Carlo toy procedure:
* Uncertainty on background (from MC) — Poissonian (Fpy4) With 4 = ny

* Extract 1000 times from Fyi4 = nf,kg
* Assume nli,kg as “perfectly known” background

* Distribution of signal counts as Poissonian (F, lg) with u = nSlg

* Find nSlg, such that the Poissonian ( lg+bkg) with u = nbkg + nSlg
has Prob|F lg+bkg(x) > nyss] = 95%

* Plot the distribution of ng; , and take the 95% as a final result
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Confidence limit distribution (AGL)

95% confidence limit on NH—e
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