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M Fission Tagging

Dedicated detector:

...such as an ionisation chamber It is NOT suitable for all ...such as an active target

- experimental setups:
« Requires spectroscopic target
. Geometrical constraints

1.0 KV ANODE 1 experimental setups photo muliplier tube
0.0V WIRE GRID

T T TS ST.,-,|-““s, light signal

0 ® FF neutrons
1 » 1 . . d [ [} 11
a 1quid scintillator
— dissolved actinide
CATHODE lich f . .
1ght retliecting container
= PhD thesis: Dennis Wilmsen. Nuclear structure studies with neutron-induced reactions : fission fragments in the
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Normandie Université, 2017. English. <NNT : 2017NORMC269>. <tel-01768580>
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M Fission Tagging

Dedicated detector:

..such Eur. Phys. J. A (2020) 56:207 ...such as an active target

photo muliplier tube
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light reflecting container

FIPPS Clovers IFIN Clovers + AC

Flg' 1 Se‘CthI’l view of l.:he active target setup at the FIPPS 1nstr.umen‘t. PhD thesis: Dennis Wilmsen. Nuclear structure studies with neutron-induced reactions : fission fragments in the
The direction of the colhmated, thermal neutron beam (left—to-nght) 1S N=50-60 region, a fission tagger for FIPPS, and production of the isomer Pt-195m. Physics [physics].
indicated by an arrow. Eight gennanium clover detectors are arranged Normandie Université, 2017. English. <NNT : 2017NORMC269>. <tel-01768580>

. 1n the plane perpendicular to the neutron beam at the target position.

©.© v Eight additional clover detectors with their anti-Compton (AC) shields . : . . ° 233,235
~~  (loan from IFIN-HH [17]) are mounted in horizontal and vertical 45deg FIS_SIO_n t_aggmg efﬂmency 9f _97'8 (25) /o for U
“ "V positions with respect to this plane. The active target cell is mounted at This fission tag gives a gain in statistics up to a factor of 10

target position (red dashed lines). It is optically connected to the PMT
by a light guiding system, both are also shown. ®Li-loaded cylinders Constraints:
(represented in yellow) mounted around the neutron beam all along the | _ T .
vacuum chamber are used to absorb scattered neutrons, thus minimizing - Suitable for dissolvable actinides;
the y-ray background - Target mass density.
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M Calorimetry for fission event recognition
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” Calorimetry for fission event recognition
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M Calorimetry for fission event recognition
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¢
M Calorimetry for fission event recognition
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Measured values:

Prompt Ar ~ 10 — 20 ns
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¢
” Fission event recognition

Measured values:
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‘ Fission event recognition

Measured values:

Prompt Ar ~ 10 — 20 ns
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¢
M Fission trigger based on v-Ball2 response fun
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M Fission trigger based on v-Ball2 response fun
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M The N-SI-125 experiment setup

Gamma detection
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M The N-SI-125 experiment setup

Gamma detection
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M The N-SI-125 experiment setup

Gamma detection
energy and multiplicity
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M The N-SI-125 experiment setup
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M Time alignment and Energy calibration of v-B
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M Event reconstruction (dFGIC
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M Event reconstruction (dFGIC

Time: 0 ms

BACK i =1 poods - .sev  Fission event reconstruction:
) R e : - ire-plane - -ssssssssssssssnssasnanns+ 676V

Frisch Grid + 0V

HE Light FF: 69541.5 (a.u.)
Em Heavy FF: 35330.7 (a.u.)
0=19.3°, p=65.4°

.............. C.athode snae -1500 V
& T *
FRON X ' 4| Frisch Grid + 0V
I 7 7 ZEREEE SO Wi‘re'pla’ne"I‘I'II’I'I‘I'II‘I‘I'II‘I'I'I'I'I‘I‘I‘II'l'l+ 676 V ~ 20
...... \Angde. +1576 V
: ~ 10
5
Y,—-Y RN
_ 2 1 N
¢ = arctan
X2 — X 1 - —10
T —-20
ProjectionX of biny=263 [y=52400.000000..52600.000000]
~ =30

Back vs Front Anode Energy (Rotated) ,
L.z

slice_px_of_BAn_FAn_rotate_combined

1509 . 1o G. Barreau et al. | *>Cf(sf)
1800 julf W s
400 5 1800 [ A A ) . .
i - s Mean values, rms widths and other relevant quantities for “>“Cf(sf)
1400 i o soamsze
This work Schmitt ef al. ) Whetstone ®)
1200 ...
5 (Ey) [MeV] 185.8+ 1.0 185.5+1.2 185.7+1.8
1°°°§“ og, [MeV] 12.1 12.0 11.3
a00l (Ey) [MeV] 105.5+0.6 106.2+0.7 105.7+1.06
Tg, [MCV] 6.3 5.86
so0k- {E 80.3+0.4 80.3+0.5 80.0+0.8
- £, LMeV] 8.8 8.53
200 | O D
0 5000 1000015000200002500030000350004000

5000 10000 15000 20000 25000 30000 35000 40000« E2 »

« E 1>
55000

Number of Entries
3

50000

45000

40000

35000

27/11/2025 IN2P3/IRFU Machine Learning workshop - B. PERTILLE




¢
” Waveform analysis
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M Event reconstruction
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‘ CNN 1D models for waveform analysis

¢
” Regression model for signal triggerinc
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CNN 1D regression model successfully predicted the signal triggering for
benchmark pure LaBr; detector without degrading time resolution.

However, model did not generalise well for cathode signals and required more

operations than CFD algorithm.

IN2P3/IRFU Machine Learning workshop - B. PERTILLE




27/11/2025

¢
” Regression model for signal triggering

Abstract

- Comparison of the precisions achieved by the optimal models in the cross-validation pro-
“cedure. In addition to the cross-validation scores, the number of parameters used by each
network is reported, too

*initial time resolution (with CFD) 73.3 ps

COMPUTER SCIENCE e 25(1) 2024

https://doi.org/10.7494/csci.2024.25.1.5784

MATEUSZ KocoT

KRZzYSZTOF MISAN 16 16 16 16 16 16
VALENTINA AVATI

EDOARDO BOSSINI l l l‘“
LESZEK GRZANKA BatchNormalization  Dense Dense Group

NicoLA MINAFRA
Figure 8. Optimal MLP model [3]

USING DEEP NEURAL NETWORKS
TO IMPROVE THE PRECISION OF
FAST-SAMPLED PARTICLE TIMING

48 16 384
Measurements from particle timing detectors are often affected by the time I I I I I
walk effect caused by statistical fluctuations in the charge deposited by passing BatchNormalization Conv Dropout[0.2] MaxPooling Flatten Dense

particles. The constant fraction discriminator (CFD) algorithm is frequently

11sed to mitip{ate this effect hoth in test setiins and in rinnine exneriments. .:“ l:I_“

Dense Group Conv Group

Table 1 Figure 9. Optimal CNN model [3]

Architecture | Mean [ps| | Std [ps] /Parameter count \

MLP 63.90 0.85 [ 2737

CNN 62.83 1.34 36,865

UNet 60.71 1.19 456,965 /
\ /

CNN 1D regression model successfully predicted the signal triggering for
benchmark pure LaBr; detector without degrading time resolution.

However, model did not generalise well for cathode signals and required more

operations than CFD algorithm.

256

128 128 128 256
M. Kocot also uses MSE loss function 1 [ [ [ 1
InputLayer = BatchNormalization Conv SpatialDropout[0.1]  MaxPooling UpSampling
Concatenate Flatten Split Conv Group Conv Block Upsampling group

Figure 10. Optimal UNet model [3]
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¢
M Loss function for time resolution improve

1. Identify position of maximum

SAMPLED g HIDDEN . Trigger
SIGNAL LAYERS (Timestamp)

2. Find approximate
position of FWHM ranges -

Initial guess: cathode signal CFD

e > @

CD: Coincidence Detector (LaBr;) timestamp *

NO CONNECTION BETWEEN CD NEURON AND ANY OTHER LAYER IN NN ARCHITECTURE.
USED ONLY FOR LOSS ESTIMATION.

By batch
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( N

ConvlD Dense
8, k=3, s=k —>> n=5 —>>
RelLU RelLU

Training and Validation Loss

4 %1071 —e— Training loss
—e— Validation loss

3x10° -

Loss

2 x10° -

0 10 20 30 40
Epoch

The model can be loaded in c++ script with Tensorflow APl and it was directly implemented in
our raw data conversion code to ROOT format, replacing the CFD algorithm.

Our final model has 1065 parameters and requires 2110 FLOP per signal entry, with total
FLOP 2910 per signal.

The total number of operations already takes into account signal downsampling (600 + 100
FLOP) and rescaling (100 FLOP).

This represents a computational cost 5 times smaller than CFD
algorithm with a time resolution at least 34% better *.

Counts

600

500

400

300

200

100

Time Difference Comparison

Target - Coincidence

- Predictions - Coincidence

Fit Pred: resolution = 2.98 ns

*
Fit Target: resolution = 4.55 ns

 Epoch 1
FWHM: 3.628 ns
| Epoch 5
FWHM: 3.250 ns

Time Difference (ps)

-10 0 10 20 30 40 50
Aligned Time Difference (ps)
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CONTENTS:

* Fission fragments de-excitation

o N-SI-125 experiment with -Ball2

* Fission tag with dFGIC

 Neural Networks for fission triggering
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¢
” Fission trigger based on v-Ball2 response f

Create a model capable of recognizing fission
solely based on detector response function

L
Y

:(,L:;ﬁ:j'ifi function | 2D plots — higher dimensional correlations

~

-Ball2

Total energy

issi%n ta

to evaluate which fission observables are
more or less relevant for fission recognition.

A
.

Measured values:
y multiplicity / energy
Neutron multiplicity / energy

Classification labels

27/11/2025

Tests for fission trigger with Neural Networks |
on v-Ball campaign results by M. LEBOISO

université

PARIS-SACLAY What to give to a Neural Network

'.
universite
PARIS-SACLAY

The “best” (so far) Neural Network applied to real data

Energy (keV)

performed

o

Energy (keV)

Elementary Information: coincidence with a pulse

Data Extracted from a pulse

250

200

Time differences p ro m pt 150;
Delayed -
Total

50

- Average Energy (p/d/total)

- Energy Standard Deviation (p/d/total)
- Prompt multiplicity/delayed multiplicity
- Prompt time standard deviation

- Spatial Distribution (average ring #)

16 possible inputs
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Create a model capable of recognizing fission
solely based on detector response function

HRP&%EE&% What to give to a Neural Network

¢
M Fission trigger based on v-Ball2 response fu

Elementary Information: coincidence with a pulse

Data Extracted from a pulse

250

200

Time differences p ro m pt 1507
- Delayed
] Total

3500— r
= 50
3000

2500 L
00

2000
1500

1000

ok - Average Energy (p/d/total)

| et ST - Energy Standard Deviation (p/d/total)

R e - Prompt multiplicity/delayed multiplicity
- Prompt time standard deviation

issi%n ta - Spatial Distribution (average ring #)
| 16 possible inputs

Classification labels

Building final dataset by reconstructing « Hit » events measured values.
Boolean classification label « is fission » given by ionisation chamber output

Additional input, compared to v-Ball:
with v-Ball2 it is possible to detect neutrons and discriminate them from y-rays

Clear fission tag by dFGIC (ionisation chamber)

Hundreds of millions of fission events available for training and validation
(Even though we expect to train model with around 10* events)

Model architecture:

4« 1

‘1!

— Input layer with « Hit » measured values
One or two hidden layer (MLP / FCNN) with no more than 3 times the input size
Single output neuron with « is fission » or « is not fission » boolean classification
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o
M Event reconstruction
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” Constant Fraction Discrimination (CFD

£ 350 : .
E 1 Dm0 iy
B il N iy
300: | / .
B 1 £ ‘.‘._ ----- g:::
250— / .
20 CFD CONSTRAINT:
om0 i / >t (1 =) Reconstruct
= Roliable and amplitude-indenendent - delay = °r ’ zero-crossing
e eliable and amplitude-independent approac where £, is the signal rise time
= to determine a start point of signal — fission event ——
100— I :
E i "*,‘}
E *
50— /I b
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BEA é e
0;“‘.IIII|III|JL |||||1||||||||
0 200 400 600 800 1000 1200 1400
ns

fin(1)
out=1f-in(z)—In(zr— tdelay)

e k ChEtlE

_in( [ - tdelay )

tdelay
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” Double Frisch-Grid lonisation Chamber (dFG

lonisation chamber signals sampled every 2ns
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M Double Frisch-Grid lonisation Chamber (dF

lonisation chamber signals sampled every 2ns
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M Double Frisch-Grid lonisation Chamber (dFGIC
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M Double Frisch-Grid lonisation Chamber (dFGIC
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” Double Frisch-Grid lonisation Chamber (dFGI

Energy vs. Electron drift time

BACK
ANODE 1

y Back Anode vs Cathode Drift Time

BACK 70000

WP 2 o :._’3;-} . o " y cathodevsBanode
SiirraesT LRSI e - L. Entries 1316057
B 2/ ndf 655.9 / 144 3:60000 ::::: 3_122:3 |
> 60 — Constant 29.62 +0.3847 © e
BACK BACK E [ Mean 345.9+0.7973 50000 =- StdDevy 1.231e+04
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Adapted from: A. GO0k, et al. A position-sensitive twin ionization chamber for fission fragment and prompt
neutron correlation experiments. Nuclear Instruments and Methods in Physics Research Section A:
Accelerators, Spectrometers, Detectors and Associated Equipment, 830:366—374, 2016.
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” Waveform analysis

Waveform analysis through most frequently used methods e e
300— ‘. \'\._
* Moving average algorithm; T 2505_ . d !"‘:.\_
- RC filter: R BOTH TIME AND « ENERGY : . C@thode
_ | | MEASUREMENTS §
* Signal baseline correction; | . |
* CR-RC and CR-RC4 shaping filters; 150;
« Trapezoidal shaping filter; +« ENERGY » MEASUREMENTS 100; j \
* Signal integration (deposited charge) | 505_/,-"; = _«..L ._
e Constant Fraction Discrimination (CFD) TIME MEASUREMENTS e e 0 S 'nS'
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” Waveform analysis
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Waveform analysis through most | : E .
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” Waveform analysis

Waveform analysis through most frequently used methods ;
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¢
” Waveform analysis

Waveform analysis through most frequently used methods

* Moving average algorithm;

« RC filter: . BOTH TIME AND « ENERGY
| MEASUREMENTS

 Signal baseline correction;

* CR-RC and CR-RC4 shaping filters;
Trapezoidal shaping it > 1 l
 Trapezoidal shaping filter; .
. | . Iy = ’ 2 (Grr1 — Gk = ko) - —
 Signal integration (deposited charge) | Qmax — fS
—"0

* Constant Fraction Discrimination (CFD)

e.g. Waveform analysis for average electron drift time calculation:

0 i
E E Back Anode Sum signal Sigma 53.74;0.8319
o =
RECONSARUCT TOTAL-ANODE -
SIG NAI—_Fe-R_EﬁeH_S-I-B-E_> L j E )  tn-shaped signal
. . 20— ki
* Perform CFD in all anode signals B . ¢ DRIFT TIME
* Select first anode signal output for EL L
each side as reference. Align and iy 5 T Y
. — : : 1
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n
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¢
” Waveform analysis

Waveform analysis through most frequently used methods

* Moving average algorithm;

« RC filter: . BOTH TIME AND « ENERGY
| MEASUREMENTS

 Signal baseline correction; |
* CR-RC and CR-RC4 shaping filters;
 Trapezoidal shaping filter;

~« ENERGY » MEASUREMENTS

* Signal integration (deposited charge) |

» Constant Fraction Discrimination (CFD) TIME MEASUREMENTS

e.g. Waveform analysis for average electron drift time calculation:
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X2/ ndf 655.9 /144
Constant 29.62 +0.3847
Mean 345.9+0.7973
Back Anode Sum signal Sigma 53.74+0.8319
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sum samples for both sides

o

© |I|L::LﬁllI]|I||I|IIII|I|II||I|I||II||I|

i oA ; vt
L | L 1 | 1 1 1 I 1 1 L |

1 L I | | | | |
200 l‘ 400 600 800 1000 N S1 200
n

L
o

27/11/2025 IN2P3/IRFU Machine Learning workshop - B. PERTILLE

\'

£

350

300

250

200

150

100

50

: Cathode

- EVENT CLOCK

- with CFD

-wE :I | | | | | |_ _|__,_._L..__'_,__.e-‘::-.:-.\:r‘—"1"/'_-/_"f"'\f—_[-\_ S . | | IS I I | | | I | | |
0 200 400 600 800 1000 1200 1400

cop )/ \

e drift time is the time difference
between cathode and sum anode
calculated timestamps (with CFD)

Apply shaping filters to measure
« energy » for all channels

ns




¢
‘ Loss function for time resolution improve

1. Identify position of maximum

SAMPLED g HIDDEN . Trigger
SIGNAL LAYERS (Timestamp)

2. Find approximate
position of FWHM ranges -

Initial guess: cathode signal CFD

By batch
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¢
M Loss function for time resolution improve

1. Identify position of maximum

SAMPLED g HIDDEN . Trigger
SIGNAL LAYERS (Timestamp)

2. Find approximate
position of FWHM ranges -

Initial guess: cathode signal CFD

e > @

CD: Coincidence Detector (LaBr;) timestamp *

NO CONNECTION BETWEEN CD NEURON AND ANY OTHER LAYER IN NN ARCHITECTURE.
USED ONLY FOR LOSS ESTIMATION.

By batch
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¢
M Layer complexity

CFD on cathode signals requires ~15000 FLOP per signal

FLOP per Layer: CNN (valid padding) vs Dense Layer FLOP per Layer: CNN (same padding) vs Dense Layer
3.1.1. Fully connected neural network (FCNN) —— CNN: 1 filters --- Dense: 1 neurons 1o | — CNN (same): 1 filters --- Dense: 1 neurons
~ CNN: 3 filters -~~~ Dense: 3 neurons ——— CNN (same): 3 filters -~~~ Dense: 3 neurons
wdl— CNN: 5 filters --= Dense: 5 neurons — CNN (same): 5 filters --- Dense: 5 neurons
_ —— CNN: 16 filters --- Dense: 16 neurons ——— CNN (same): 16 filters -=-- Dense: 16 neurons
FI‘OP FCNN — 2 X Lin X Lout + b (1) —— CNN: 32 filters --- Dense: 32 neurons 10° 4 —— CNN (same): 32 filters --- Dense: 32 neurons
- CNN: 64 filters --- Dense: 64 neurons —— CNN (same): 64 filters --- Dense: 64 neurons
1054 — CNN: 100 filters -~~~ Dense: 100 neurons ~ CNN (same): 100 filters -~~~ Dense: 100 neurons
3.].2. Convolutional neural network (CNN) - one di_ — CNN: 200 filters Dense: 200 neurons 105 4 ww CNN (same): 200 filters --- Dense: 200 neurons
] ]
mension ) )
o ot @
Q Q. o4
S S
FLOPcny =2 X Ljy X Lyyy X F XK+ b 2) = T
103 -
L,—-K+2P
Lout = +1 3)
S 107 4
102 4
Where F is the number of filters and K is the kernel
size, P is the padding option, S is the stride, and b 1s the o " pe T - - ne ne -
Input Size Input Size

bias term.

Figure 5: Comparison of total computational cost (FLOP) per layer  Figure 6: Comparison of total computational cost (FLOP) per layer
for 1D convolutional layers (CNN) and fully connected (dense) lay-  for 1D convolutional layers (CNN) and fully connected (dense) lay-
ers as a function of input size. Fluctuations in convolutional model ers as a function of input size. Case for layers designed with “same”

comes from ?/alic.l paddi.ng (or no Pflddiﬂg), not recommended if bor- padding, which preserves border information. In this situation, convo-
der information is crucial. Solid lines represent CNNs, and dashed  [ytional layers conserve their dimensions, hence the higher complex-
lines represent dense layers. Both axes are on logarithmic scales. ity.
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¢
M Layer complexity

CFD on cathode signals requires ~15000 FLOP per signal

3.1.1. Fully connected neural network (FCNN)
FLOPgcny =2X Ly, X Ly + b (1)

3.1.2. Convolutional neural network (CNN) - one di-
mension

FLOPcnny =2 X Ljy X Lyyy X F XK+ b (2)

Ly, — K+2P
S

Where F' is the number of filters and K is the kernel
size, P is the padding option, S 1is the stride, and b is the
bias term.

+ 1 (3)

Lou = [

19/09/2025

FLOP per Layer: CNN (valid padding) vs Dense Layer

——— CNN: 1 filters --- Dense: 1 neurons
~ CNN: 3 filters --- Dense: 3 neurons
106 4 — CNN: 5 filters --- Dense: 5 neurons
—— CNN: 16 filters -=-= Dense: 16 neurons
——— CNN: 32 filters --- Dense: 32 neurons
—— CNN: 64 filters --- Dense: 64 neurons

—
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FLOP per Layer
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Figure 5: Comparison of total computational cost (FLOP) per layer
for 1D convolutional layers (CNN) and fully connected (dense) lay-
ers as a function of input size. Fluctuations in convolutional model
comes from valid padding (or no padding), not recommended if bor-
der information is crucial. Solid lines represent CNNs, and dashed
lines represent dense layers. Both axes are on logarithmic scales.
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FLOP per Layer: CNN (same padding) vs Dense Layer
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Figure 6: Comparison of total computational cost (FLOP) per layer
for 1D convolutional layers (CNN) and fully connected (dense) lay-
ers as a function of input size. Case for layers designed with “same”
padding, which preserves border information. In this situation, convo-
lutional layers conserve their dimensions, hence the higher complex-

ity.
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M Model tuning - first hidden layer
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M Model tuning - second hidden layer
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M Model tuning - loss function bin size
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Time Difference Comparison

( N

ConvlD Dense
8, k=3, s=k —>| n=5 >

ReLU ReLU | | "1 600 -

Target - Coincidence

Counts

Predictions - Coincidence

Training and Validation Loss 500 ) .
4 x10° —e— Training loss F't Pred: reSOIUtK)n = 2-98 ns

—e— Validation loss

3x10° -

*
400 Fit Target: resolution = 4.55 ns

Loss

2 x10° -

300
0 10 20 30 40
Epoch
The model can be loaded in c++ script with Tensorflow APl and it was directly implemented in 200
our raw data conversion code to ROOT format, replacing the CFD algorithm.
Our final model has 1065 parameters and requires 2110 FLOP per signal entry, with total 100

FLOP 2910 per signal.

The total number of operations already takes into account signal downsampling (600 + 100
FLOP) and rescaling (100 FLOP).

This represents a computational cost 5 times smaller than CFD 0
algorithm with a time resolution at least 34% better *. -10 0 10 /%I?gn ed :}I'(i)m e D?f?eren Cseo(ps)
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