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| The JUNO experiment

What is JUNO (Jiangmen Underground Neutrino Observatory)? [1]

* Large-scale, next-generation liquid scintillator (LS) detector

* |tfeatures a massive 20-kiloton LS target 1 = ® i i ] i-/'

2025!!!

* Monitored by over 43,000 Photomultiplier Tubes (PMTs) to detect light

Primary Physics Goals [2, 3]

—— No oscillations

80 SN Only solar term

 Determine the Neutrino Mass Ordering (NMO).

—— Inverted Ordering

—— Normal Ordering | L
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 Measure three neutrino oscillation parameters (Am3,, Am3,,sin? 8;,)
with sub-percent precision

* Broad physics program including geoneutrinos, supernovae, and more

Arbitrary units, [MeV~!]
.
=

b o
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The Core Challenge . I
* Unprecedented <3% @ 1 MeV energy resolution and 210 — i ' ' ; - -
@
<1% control over energy-scale systematic uncertainties gn ————
).5 L
- need for on highly accurate and well-tuned Monte Carlo (MC) simulations! ;‘E i _: ::msmz -
[1]JUNO Collaboration 2016 J. Phys. G: Nucl. Part. Phys. 43 030401 S 0.0 = ettt
[2] JUNO Collaboration 2022 Chinese Phys. C 46 123001 2 3 4 5 6 7 8 3

[3]1JUNO Collaboration 2025 Chinese Phys. C 49 3, 033104 Neutrino energy [MeV]
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The Energy Response Challenge & @

How JUNO Detects Events
* JUNO is a calorimeter: a particle deposits energy in the scintillator. %

* The scintillator emits light collected by PMTs and measured as a total ‘) O
number of photo-electrons (NPE) = our proxy for the visible energy

v




| The Energy Response Challenge

How JUNO Detects Events

JUNO is a calorimeter: a particle deposits energy in the scintillator.

The scintillator emits light collected by PMTs and measured as a total

number of photo-electrons (NPE) = our proxy for the visible energy

The Problem: A Non-Linear Response

The relationship between true deposited energy and NPE is not linear.

Non-linearity in the MC modeled by three key physical parameters:

Birks' Coefficient (kg) 1 : models quenching (energy lost as heat

instead of light at high ionization) reducing the signal.

Cherenkov Factor (f) 1" : models the fraction of Cherenkov light
produced by secondary particles absorbed and re-emitted.

Light Yield (Y) 1°: models the overall scaling factor for the number

of scintillation photons emitted per unit energy (after quenching).
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| The Energy Response Challenge =

How JUNO Detects Events
 JUNO is a calorimeter: a particle deposits energy in the scintillator.
* The scintillator emits light collected by PMTs and measured as a total

number of photo-electrons (NPE) = our proxy for the visible energy

The Problem: A Non-Linear Response
* Therelationship between true deposited energy and NPE is not linear.
* Non-linearity inthe MC modeled by three key physical parameters:
« Birks' Coefficient (kg) {,: models quenching (energy lost as heat
instead of light at high ionization) reducing the signal.
* Cherenkov Factor (f) 1 : models the fraction of Cherenkov light
produced by secondary particles absorbed and re-emitted.
* LightYield (Y) 1" : models the overall scaling factor for the number

of scintillation photons emitted per unit energy (after quenching).

Our Task: tune (kg, f¢, Y) so that our MC matches real calibration data.

Normalized counts

kg: 15.45 [g/cm2/GeV], fc: 0.525, Y: 10100 [1/MeV]
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| Monte Carlo tuning strategy

The most straightforward approach would be...

AN

MC Simulated data M
¢ — {kBrfCr Y}g

& = 4

1 Fitter Results
%)% GI; 5;_775_3..5;_ »  Minuit best fit {kB,fC, Y}
&0 sy = MCMC
| " = Nested sampling

JUNO Cal_ibration data D



| Monte Carlo tuning strategy

The most straightforward approach would be...
too impractical and slow! Can we replace it with a surrogate model?

-

At each step of the fit, we generate a lot of

events with full MC to build spectra of the

; ( sources with the corresponding kB, fC, LY,

MC Simulated data M ~ a
=y

b = (ks fo Ve )\
tm@)n)— & =

ﬂ ( Likelihood Fitter Results
%% & ‘51.7653. Analytically intractable = Minuit best fit {kp, fc, Y}
G Y = MCMC
| = Nested sampling

JUNO Calibrationdata D



| Monte Carlo tuning strategy

The most straightforward approach would be... Neural Likelihood
too impractical and slow! Can we replace it with a surrogate model? Estimation (NLE)

( R
Fast ML model to

Training | get spectra for ¢ @

(able to interpolate
in param space) ML generated data M
J 4

\ g

7

couipypy— £ )¢

MC
¢ — {kBrfCr Y}g

o ﬂ ( Likelihood Fitter Results
%% o Gt E Approximated with SBI = Minuit best fit {kp, fc, Y}
S0 sy = MCMC
| = Nested sampling

JUNO Calibrationdata D



| Monte Carlo tuning strategy

The most straightforward approach would be...

too impractical and slow! Can we replace it with a surrogate model?

Training

[ElL =

MC
¢ — {kBrfCr Y}g

JUNO Calibration data D

WHY NOT?

-

Neural Posterior
Estimation (NPE)
directly outputting
the posterior for ¢,

q(¢[D)

~

We wanted to:

1. keep model under control

2. use std. inference techniques

3. eventually use NLE as spectra
generator (MC surrogate)

|
Results

best fit {kg, fc, Y}

10



| Two Neural Likelihood Estimators

+ straight and reliable model
- requires pre-defined binning

2

4 )
Conditions:
kB, fC, LY + source
type S
g J

N

+ exact probability density function
+ no pre-defined binning
+ opens a possibility of an unbinned fit

.

We use a Transformer encoder-based model [1] as the
density estimator (TEDE)

Provides PDF
estimation by

(

Multi-output regressor

Aims to directly learn a mapping from
the parameters and a source type to the
histogram representing the spectra PDF

outputting a
histogram

—

\

J

/Normalizing Flow-based model \

Aims to learn the exact conditional
probability of the energies* for a given set
of parameters and a source type:

Provides the exact
conditional PDF for
any energy value:

P(E kB}fC'.ILy?S}

—

NFDE

J

We use Normalizing Flows-based model [2] to evaluate the
exact conditional probability for the events and build the PDF

*represented by amount of light collected

[1] Vaswani A et al, arxiv: 1706.03762

[2]1 R.J. Rezende et al, arxiv: 1505.05770



Transformer Encoder-based Density Estimator (TEDE)

MC parameters:

(ks fo, ¥) (7

Parameters /
—>» Embedding Y
Block l T =
v O o
T‘I——» ItHE —b
Source Source type § < §

type Embedding

Feed
Forward

~

\ 4

Add & Norm = /

-

7

Multi-output regressor is based on the Transformer's [1] encoder :

o A powerful architecture, well known for NLP and CV applications

o Each condition (MC parameter or source type) is treated as a token

o Regressor Head block to convert outputs to the spectra PDF with pre-defined

binning (bin size of 20 PEs)

[1] Vaswani A et al, arxiv: 1706.03762

Linear

Layer norm

+
Activation

Regression Head

|

Prob. density




Normalizing Flows-based Density Estimator (NFDE)

Normalizing flows [1]:

o generative ML model aimed to explicitly model a density estimation
o generalizable for modeling a conditional density estimation as well
o based on anidea of transforming a simple known distribution

(e.g. standard Gaussian) to the complex, desired distribution by applying

multiple learnable (using data) and invertible transformations called flows.

[1]1R.J. Rezende et al, arxiv: 1505.05770

Model density: p(x | @)
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Normalizing Flows-based Density Estimator (NFDE)

Normalizing flows [1]:

generative ML model aimed to explicitly model a density estimation
generalizable for modeling a conditional density estimation as well

based on an idea of transforming a simple known distribution

A~

Model density: p(x | g)

(e.g. standard Gaussian) to the complex, desired distribution by applying

multiple learnable (using data) and invertible transformations called flows.
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Normalizing Flows-based Density Estimator (NFDE)

Normalizing flows [1]:

o generative ML model aimed to explicitly model a density estimation

o generalizable for modeling a conditional density estimation as well

o based on anidea of transforming a simple known distribution

A~

Model density: p(x | g)

(e.g. standard Gaussian) to the complex, desired distribution by applying

multiple learnable (using data) and invertible transformations called flows.

Val. dataset 2.2: kg: 14.55 [g-cm™2 - GeV™1], f: 0.475, Y: 9900 [MeV~1]
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| Datasets: training/validation strategy Y and k. example

L. @® Training
Training data

« 21 points per param (213 combs) » ° ° [ ° & ® ® ° °
* 10k events x 5 sources per point (~500M events)

10000 - e e e e O e g

A

9500 -

9000 @ = . - + + -+ ® + +

Y [MeV~1]
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-0 -0 -0 -0 —-0—-9-——0--
A
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| Datasets: training/validation strategy

Training data

21 points per param (213 combs)

10k events x 5 sources per point (~500M events)

@® Training

Y and kg example
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| Datasets: training/validation strategy

Validation data #1

* 10 points per param (103 combs)

* 10k x5 events per point (50M events)
—> cover most of parameter space

Y [MeV~1]

10000 3mmmm = m e e drmmmm

® ® ® ® ® |

- |

9500 - ° ° ® ° ® |

s o o o ® |

9000 | |

o o o o o |

|

8500 - |

o 0 o © o !

8000 | . i
6 8 10 12 14

Training ® \Validation1

Y and kg example

kg [g-cm™2-GeV 1]



| Datasets: training/validation strategy

Validation data #2

* 3 pointsin total

* 10M x5 events per point (150M events)
—> anchor PDF to high-stat spectra

Y [MeV~1]

Training Validation 1 * Validation 2

10000 === === == 4
*
|
9500 A i
9000 i
|
8500 - i
* i
8000 | . i

6 8 10 12 14

Y and kg example

kg [g-cm™2-GeV 1]



| Datasets: training/validation strategy

Validation data #2

* 3 pointsintotal

* 10M x5 events per point (150M events)
- anchor PDF to high-stat spectra

Y and kg example
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| Datasets: training/validation strategy Y and k. example

Training Validation 1 Validation 2 @® Testingl
® © ® ° °® i ®
10000 +4-—r-4——@—— 91919 ———@ @9 —1—%——— 4
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9500 A |
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s :
= 9000+ i
>~ 'Y ® ° o o Y
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« 10 points per param (103 combs) i
* 10k x 5 events per point (50M events) 85007 @ ¢ ® ¢ ® @
- check possible biases over parameter space i
°® ® °® o [ i ®
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kg [g-cm™2-GeV 1]
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| Datasets: training/validation strategy

Y and kg example

Training Validation 1 Validation 2 Testing 1 * Testing 2
10000 === === == 4

9500 A |

T i

> |

s :

— 9000 |
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8500 - |

Testing data #2 E

* 1point 8000 - i
e 1000 x [1k; 2k; 5k; 10k; 25k] events x 5 with diff. seeds 6 8 10 12 14

- Analysis of systematic uncertainty of the model kg [g-cm™2-GeV 1]

z2



| Datasets:

8
Testing data #2
1 point
1000 x [1k; 2k; 5k; 10k; 25k] events x 5 with diff. s
- Analysis of systematic uncertainty of the model

training/validation strategy

kB: 15.45 [g/cm2/GeV], fC = 0.525, LY = 10100 [1/MeV]
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Y and kg example

@® Training ® \Validation 1 * Validation 2 @® Testingl * Testing 2

| Datasets: training/validation strategy

Training data - - - - —
* 21 points per param (213 combs) ® ® ® ® ® ® ® ® ® ® ? J
« 10k events x 5 sources per point (~500M events) ¢ ¢ ® ¢ ® B¢
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F [ iz s 0 o 0 b i B ¢ q
Validation data #2 " ® ® °® ® ° I
« 3 pointsin total > *— @ .. ... .. '.' ® i ? {
* 10M x5 events per point (150M events) = 9000 | ® ® ® ° ® ® ® ® ° ® ‘ q
- anchor PDF to high-stat spectra > ® ® Py PS Py | @
F + + + + + + + + + ® q
Testing data #1 °® °® °® ® ® |
« 10 points per param (10% combs) ® ® ° ® ® ] ® [ a + 4 q
* 10k x5 events per point (50M events) 85001 @ ® ® ® ® @
) . » ° ° [ [ + + ® [ ° i q
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F [ iz 0 i o 0 s i B q
Testing data #2 ® ® ® ® ° ? ®
* 1point 8000l e e e e e e o o o ¢ ¢
« 1000 x [1k; 2k; 5k; 10k; 25k] events x 5 with diff. seeds 6 8 10 12 14
- Analysis of systematic uncertainty of the model kg [g-cm™2-GeV 1]
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| Training and validation of the models

* Forboth models we use Kullback-Leibler divergence as the loss function for training:

* Asvalidation metrics we use p-norm distances between distributions' CDFs:

d,(Fy, Fy) = ( /_ | Fu(a) - Fﬂ($)|pda:) F

o0

p = 1: Wasserstein distance
p =2: Cramer-von Mises distance

- o0: Kol _Smirnov dist
as it is applicable for both TEDE and NFDE cases P olmaogorov-omirnov aistance

Training epoch

ﬁ 1 1 1 I 1 1 1 1 I 1 1 1 1 I 1 1 1 1 1 1 1 I 1
>0

b —— TEDE J
S E
C -
:43] 1‘__ early stopping patience ‘i .
.'5 I I I 1 H‘I I I ] 1 I I I I 1 I I I I 1 I I I I'I I

s 100 150 200 250 300

é 1 1 1 I 1 1 1 I 1 1 1 I 1 1 1 I 1 1 I 1 1

g 102 E — NFDE ?
> N ]
TR ORI " A A ALY Y 0 VA B.Vih. Vo VAV VALV ALVl .
B i
] 10—3 L L L | L L L 1 L L L | L L L | L L 1 1 L L =

O 0 200 400 600 800 1000 1200
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| Training and validation of the models

Prob. density: f(Np. e, |ks, fc, Y)

For both models we use Kullback-Leibler divergence as the loss function for training:

As validation metrics we use p-norm distances* between distributions' CDFs:

as itis applicable for both TEDE and NFDE cases

Validation dataset Ne2. Epoch: 0, Iteration: 927, dy

10!

10°

1071

=
9
%)

'_I
2
w

dp(Fu, Fy)

“+oo

— 0

kg: 7.35 [g/cm2/GeV], fc: 0.075, Y: 8300 [1/MeV]

|Fy(z) — Fy(z)|” dz

p = 1: Wasserstein distance
p =2: Cramer von Mises distance

0.0544; dy>

kg: 14.55 [g/cm2/GeV], fc: 0.475, Y: 9900 [1/MeV]

p = o: Kolmogorov-Smirnov distance

0.0323; d¥2 = 0.0598

kg: 23.55 [g/cm2/GeV], fc: 0.975, Y: 11900 [1/MeV]

Number of photo-electrons: Ny e / 103

Number of photo-electrons: Ny e / 103
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| Parameter estimation

Example with NFDE:

« Combined fit on all sources together

* Cost function: Extended unbinned likelihood

* Optimizer: Nested Sampling (ultranest)*

- Estimate the kB, fC, LY best parameters

- Explores full phase space, provides full posterior

- Shows correlations between the parameters

*all fits performed with Minuit, MCMC (emcee), Nested Sampling (ultranest) = consistent results

training points

9.6 10.05 10.5
—@ O ®— kB
0.200 0.225 0.250
@ O ®— fC

11600 11700 11800
@ O o— LY
*

the testing dataset N°71 point is between the
points from the training dataset: interpolation

27



| Parameter estimation

Example with NFDE:

« Combined fit on all sources together

* Cost function: Extended unbinned likelihood

* Optimizer: Nested Sampling (ultranest)*

- Estimate the kB, fC, LY best parameters

- Explores full phase space, provides full posterior

- Shows correlations between the parameters

Model provides spctra estimates for any
continuous values of the parameters

Model interpolation smooth and denoised

*all fits performed with Minuit, MCMC (emcee), Nested Sampling (ultranest) = consistent results

Normalized counts

9.6 10.05 10.5
—@ O ®— kB
0.200 0.225 0.250
—@ O ®— C

11600 11700 11800
— O o— LY
T T T T vosw | s ]

1071 3
1072 3

1073

l_l
<
s

107>

A ---- TEDE 40K

12 14 16
Number of photo-electrons: N, . /103 28



| Parameter estimation

Example with NFDE:
« Combined fit on all sources together

e Cost function: Extended unbinned likelihood

* Optimizer: Nested Sampling (ultranest)* Q,'.”b
- Estimate the kB, fC, LY best parameters Q’.’S’
NCR ¥
-> Explores full phase space, provides full posterior cf-:}
N
- Shows correlations between the parameters Q",L
%

63
Parameters estimation combined: :"}%g

o kB:10.13 +- 0.26 |10.05 [g/cm2/GeV] '%.\;0
o fC:0.238 +-0.029 | 0.225 = ,;\“3
o LY: 11701 +- 23 11700 [1/MeV] "‘«'bo,‘b

X

N

Q
- well within 10 (fluctuations expected for 1 fit) Q‘og

*all fits performed with Minuit, MCMC (emcee), Nested Sampling (ultranest) = consistent results

— Posterior distribution
—8— True value
% Best-fit value

(4

_I [ T [ I |: Ll
a [T T T [ T T[T T I [TI1 |: . TTT
-_l I B L1 L1 E :_I | I I I I A | l_: | L1
O © 1 & > A O o O O O
9 S o7 oY ¥ o7 o7 ,\;&Q’ *C’@ A°
ks [g-cm™2-GeV™!] fc Y [MeV™]
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| Learned dependences

1) PDF vs. parameter

(almost linear)

2) PDFs vs. energy (NPE)

(energy non-linearity)

241Am _13C

fc=0.5,Y=10% [MeV™!]

= =
o M

co

£

Number of photo-electrons: N .. /103
\8] [=)]

1
101 107! 107% 6 12 15 18
PDF: ﬁN,O.E. Ikﬁh fe, Y)

kg [gr-cm™2.GeV™1]

12

10

kg =15.0 [g-cm™2-GeV™!], Y=10* [MeV!]

ks =15.0 [g-cm~2-GeV~'], f-=0.5

10t
12

10°
10

10~

1072

10~

344N Ag 4ad |euoipuod

4

2

10~

107

0.0 1.0 8000

9000
fe Y [MeV~1]

10000 11000 12000

fr=0.5, Y=10% [MeV-!]

1.000 T T L L B E | —— T T 3 2.0 T S S—— — T T
a ] 1.06f fr = 0.25 . i Y = 9000 [MeV~!] ]
0.975} 1 1o0sf ¢ fe=050 1 18k Y = 10000 [MeV~?] ]
- o 1 T fc =075 e ] [ e Y=11000[MeV~!] 1
_g 0950 S e 1 1.04F fc=1.00 L] 16l ° Y = 12000 [MeV™*] T
= Foe i F AT ¢ E O s, .
< 0925} £ 1 103 7 o o 1 _ i PO o ]
- e 1 102t 2 . = I e ¢ ]
= 0.900F 4 %K) ks = 10.50 [g-cm=2-GeV~'] 7 E B ] i :
08755 ‘:‘. . kg = ZE.GG[g-cm'z-GeV‘I] E 101; : .- —ic ﬁwl E 12__ 7]
E e kzy=19.50[g-cm™2-GeV™] ] o - H [ ] L’ ] - 1
C ; B 1.001 K - e 40 - n 12 16 b
0.850F L e kp=24.00[g-cm™2-GeV™] ] E[7cs) ] 10 _—CC ) (-] (=) (o) ]

T T T T T T N S T N Y Y N ) IR R R N T Y YT T T I Y A Y T T TN TN MO N 1 1 1 | 1 1 1 | 1 1 1 | 1 L 1 | 1
0 2 4 6 8 10 12 0'990 2 4 6 8 10 0 2 4 6 8

kg =15.0 [g-cm™2-GeV~'], Y=10* [MeV~1] kg=15.0 [g-cm~2-GeV~!], fr=0.5

Number of photo-electrons: N;?L_ /103

Number of photo-electrons: N, / 107 Number of photo-electrons: N, /10% 30



Evaluate ML-driven systematic uncertainty

To perform systematic uncertainty estimation analysis, we use the testing dataset 2:

o Unseen during training point in the parameter space: kB, fC, LY = (15.45, 0.525, 10100)
o 5 different exposures: 1k, 2k, 5k, 10k, 25k events

o 1000 datasets with different MC generator seed per each exposure

s'mg[e exposUre point 4000 sits resulls
:\EZ&L kP SC LY | bios

MCMC st
LS j“/{a\
—

D2 MMCqt [ 6

_— b

best cit values
varitnce

~
0 e

DAocoo MCMC 4ut fﬂmw uncertainties estimated by the fit can be compared

> with the actual variability of the best fit values
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| Estimation of ML-driven systematic uncertainty

To perform systematic uncertainty estimation analysis, we use the testing dataset 2:
o Unseen during training point in the parameter space: kB, fC, LY = (15.45, 0.525, 10100)
o 5 different exposures: 1k, 2k, 5k, 10k, 25k events

o 1000 datasets with different MC generator seed per each exposure
- --m--- Estimated Stat. Unc.

() Observed Std. Dev.

- Estimated uncertainty matches observed variability

_I p I\ T T T T T T T T ] 0.15_I !‘ T T T T T T T T ] Ir]_ T T
1.5F [NFDE, kg | ] - [NFDE, f¢ | ; 1001 NFDE, Y|
i 1 0.10F . -
1.0 & . L oE 1 [ Fee
- T ] I ] 50 =
0.5F hn_"““‘-w_%‘_q ] 0.05¢ M_H_““'“--H_‘_ 1T = I =
; T S T - -
I e . . o] U 0.(}0}..,,,_ ..... —_— - > _.___ g va.——m. o R —
051 T 1 —o0.05f el ] = e
B _'_,—" ] L J_,—"‘F b _50 B -
—1.0_— I : I,J‘ : B ]
g —0.10¢ . I
_1I5__| 1 1 1 1 1 1 1 1 1l 015:| | 1 1 1 1 1 1 1 L 1 _100__| | 1 1 1 1 1 1 T |
103 107 —U2103 107 103 107
Statistical exposure level N Statistical exposure level N Statistical exposure level N
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Akg [g-cm=2-GeV—!]

| Estimation of ML-driven systematic bias

1.00

0.50°
0.25
0.00F
—0.25¢
~0.50¢
~-0.75¢
~1.00F

Using the testing dataset 1, one can check the bias across different points:

o Run MCMC fits per each testing point of the dataset

o Compare bias with the uncertainty obtained by the previous analysis for the 10k exposure point

- Observed biases are well within the uncertainty

e s

- [NFDE, kg |
0.75}

75 100 125 150 175 200 225
kg [g-cm™2-GeV™1]

A

0.08

0.04f
0.02] _
0.00f [ e N S —
—0.02|
~0.04f
—0.06|

—0.08F
0.0

- :'_NFDE, - |
0.06f

AY [MeV~1]

0.2 04 06

0.8

- )]
o o

0]
o

I
N
o

|
i
o

—60}

o

——m—— Observed bias
(] Statunc.
(neoEY)

6.0 05 100 105 11.0 115
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Summary

Challenge: systematics investigation for precision neutrino physics with JUNO and accurate energy calibration

- requires an extremely well tuned MC, but the traditional MC tuning process is computationally prohibitive.
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Summary

Challenge: systematics investigation for precision neutrino physics with JUNO and accurate energy calibration

- requires an extremely well tuned MC, but the traditional MC tuning process is computationally prohibitive.

Solution: we developed a Simulation-Based Inference framework using two neural likelihood estimators (TEDE

and NFDE) that replace the slow MC simulation with a fast, accurate surrogate models.

Key Achievements:

 ourmodels successfully learn the complex, non-linear energy response of the JUNO detector MC,
including the strong correlations between kg, fc and Y parameters in the MC.

 when integrated with Bayesian inference, our method recovers all parameters with near-zero systematic bias.

« parameter uncertainties are limited purely by statistics and scale correctly as 1/V'N

— possible to achieve <1% systematics

This provides a flexible (binned or unbinned) framework for MC tuning with data! ©
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| TEDE vs. NFDE (uncertainty)

ks [g-cm™2-GeV™!]
o
o

—=— Median bias over 1000 fits

Statistical exposure level N
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it it
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» . . N
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A S
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T
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TEDE vs. NFDE (bias)

—e— Median bias over 100 fits o 1-2-30
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| Hyperparameters optimization

‘ Hyperparameters

\TEDE

\NFDE

Model architecture hyperparameters

Ntokens

dimodel

Thead

Mayers

dg

Mfows

Munits

Flow type

Dropout rate

Activation function [90-93]

Softmax temperature

(k|keN1<k<5}:1
{50k |k e N,1 <k <10}: 100
(5,10,25}: 10
(klkeN1<k<5}:4

{32k | k € N,1 < k < 15} 384
{Pdrop | 0.0 < parep < 0.5}: 0.0
RellU, GelU

{T'|025 <T <3.0}: 2.03

{100+ 5k | ke Z,0 < k < 20}: 120
{10+ 5k | ke Z,0<Fk <8}:30
Planar (fixed)

RellU, GeLU, Tanh, SiLU

General training hyperparameters

Optimizer [94,/95]
Learning rate
Scheduler type [961197]

Weight decay
Batch size

AdamW, RMSprep
(n1107° <yp<107%}:1.9x1073

CosinelAnnealing, None
A0 <A <107} 8 x 1075
{(2F |k eN,4 <k <9}: 64

Exponential, ReduceOnPlateau,

AdamW (fixed)
10~ * (fixed)
ReduceOnPlateau, CosineAnnealing

10~* (fixed)
50 (fixed, 1 per a CPU unit)

Optimizer-specific hyperparameters

AdamW decay rate 51
AdamW decay rate (o

RMSprop parameter o

{5105 < By <0.95}: 0.930
{B2]0.9 < B2 < 0.999}: 0.929
{09 <a<0.999}: —

{B1]0.5< B <0.95}: 0.87
{B2] 0.9 < B2 <0.999}: 0.901

Scheduler-specific hyperparameters

Cosine annealing period Trax

{Tnm,x 5 E Tm:\x g ?5} -

{T‘max | 5 E Tm;\x S 75} 50

Exponential rate T {7108 <7<099}: 092 e
Reduce on plateau factor -y {7108 <~ <0.99}: — {7]0.8 <~ <0.99}: —
Optimization procedure setting

Number of trials 250 25
Accelerator GPU 50 parallel CPUs
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How LS parameters impact the calibration data

GOOD I | e LI | L LI I | e L | L LI LI |
LY effect : :
4000 |- 1
Uézoﬂo_lll AR AR O B A TN B SR SRR O BT AR A SR
« kB and fC are fixed: = 6000 T e T T T
o kB =15.45[g/cm?/GeV] S - 4 b A
o fC=0.525 goor A 4 AHSHOG 1 Am-Be
* QU | |
o . . T.'J 2000 | L1 L1 | i | 1 1 | 1
LYlsvarylng | > _'gSOOD;|||||||||III|IIIIIIIIIIIIIIIIII_I_III_I_III_I_Ill;
+ Lightyield is the most R T :F ++T7T 1 Cob0
influential parameter ] s i iSSP SN I RS P SRS [P B P
* All sources are highly § 3000 T T T T T T T T T T T I T
affected S - -— L T T
E 2000F 5 = :|: :|: 1T - K40
E | i L | I T | i L | I T '
é ESTOL0 o o o s e e e B e e o T I T T T |:
1000F __ T % <G 4+ + 7T ]
Only main peaks are shown -+ T :|: :|: ]
500 1 1 1 ]

L T | L Ll 1 ] T | T . T - | I T - T |
8000 8500 9000 9500 10000 10500 11000 11500 12000
Light yield [1/MeV]

Arsenii Gavrikov, Andrea Serafini, et al - NeuroMCT



How LS parameters impact the calibration data

kB effect

4000

.

2000822

5000 —r

e LY and fC are fixed:
o LY=10100[1/MeV]

4000F L

1 K40

2
=
7} ]
-
o - T T T T T (+ + [+ +
* kB is varying g 45(}0-: I | e | :J__L I LI | I I I I : I I I I : I I I I : LI I I : I I I I : : : :
| > 6 - T T T T — _
a a00F | T + 4+ 1
kB effectis smaller than o - T T ‘T + +
LY and anticorrelated g 3500, , , , , T AP
with the photo peak S e ' e
 All sources are affected "E it S SR S S SN RN S 1 L :‘:
= -
g -
E 2000 , | I L ] ] ] I |
= LI I 1 | 1 1 1 1 1 | L
= 1200F T T T T — — T __  __
. wooF T T o +— & A A A :!:
Only main peaks are shown wof L L 11T T T T T T
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kB [g/cm2/GeV]

Arsenii Gavrikov, Andrea Serafini, et al - NeuroMCT

| Am-Be

| Cob0



How LS parameters impact the calibration data

fC eﬁ(ed 4000 ;I | | | | | | | | | | | | | | | | | | | | Ié
U 3000 :I [ PR NPT N AR AT T AR AN N AR A A AT A |:
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| > © g ]
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* fC has a minor effect to the B oasooF | | | ; Cob0
spectra [ 0] TR [ PN S S N SRV NN SUR (R S
« (Cs137is not affected at all S ok | ' ' ' ' ]
* Slight effect for Co60 and S o Y I 1 1 1 1 1 1A A B
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| The JUNO detection process

~ +
JUNO will measure the antineutrinos (v,) Vetp—oe +n

generated in the fissions occurring in
8 nuclear cores at 52.5 km

*e
.0
0

The detection is based on a charged ™ 2
current interaction named Inverse af €/ <f f ) 3 RECELE

[

Y

Beta Decay (IBD) on protons (p) ‘ \ a
ssfles o

9 Sensitive Only to electron Ve . ......................... >

Detection relies on a double coincidence:

o
-
o
3

« prompt signal: positron (e*) annihilation
« delayed signal: neutron (n) capture AAt"ZOOus

rompt delayed
- strong handle against most backgrounds — y
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[Prog. Part. Nucl. Phys. 2021.103927]

The JUNO detector :

Main requirements:

* high statistics =T 354 M- S
- 20 kton of liquid scintillator acrylic sphere A ~ vy S
» <3% energy resolution @ 1 MeV — B T~ A *’_1‘1 2o
- photocoverage ~78% W, RS i =
. : WV, 54 RN O # 3 .":. |
- energy-scale systematics below 1% g2 =g I /f a2 ,.;,/ / /% ]
> 17612 20" Large-PMT 5 W SR S RN
- 25600 3" Small-PMT N S Yy AN
,;" ) ? ) - .. > CowR
Target mass Energy Light yield == s
[kton] resolution [PE/MeV] i D O ‘
Daya Bay 0.02 8%/VE 160
Borexino 0.3 5%/VE 500 b
KamLAND 1 6%/E 250 30
JUNO 20 3%/VE ~1600 anins
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Antineutrino energy

Events/bin [#/20 keV]

| Detector response: what JUNO actually sees

500

400

300

200

100

E,

light emission

:> Evis

Deposited energy

interaction

:> Edep

Visible energy

light detection

::> ET'BC

Reconstructed energy

B I 1 I | 1 Ll I 1 1 1 I I 1 ¥ -O 'l Og T

— 6 years = F _
N 6 1f _
B o _
N 3 0.95F _
— o f — Non-linearity —]
— - 0.9 . . . . . :
N @ 2 4 6 8 10 12 _
- > Deposited energy [MeV] —
~ — 25— _
- X 20k —LPMT ‘_
— 2 15 —SPMT §
- v 10 —
- —— Deposited spectrum % S E ]
— —— Visible spectrum I_%) =% 10 12 -4
- Visible energy [MeV] 7
- —— Reconstructed spectrum -
B 1 1 | 1 1 1 | 1 1 1 | 1 1 1 = 1 1 | 1 1 1 | 1 l_
0 2 4 6 8 10 12

Energy [MeV]

Calibration campaigns

« automated multiple-position and
multi-source calibration (link)

* periodic calibration campaigns

* dual-calorimetry system (link)

Energy resolution

2 2
7 (L) v (©)
E J|\VE E
Stochastic term: light yield
(from source calibration)

p Dominated by non-uniformity
(from multi-source calibration)

C PMT dark noise
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https://agenda.infn.it/event/33107/contributions/205087/
https://agenda.infn.it/event/33107/contributions/205095/

| Detector response: what JUNO actually sees

Antineutrino energy

500

(US) =
S S
- -

o
S
-

Events per 20 keV

100

E,

light emission

:> Evis

interaction

:> Edep

Deposited energy

light detection

::> Erec

Visible energy

Reconstructed energy

| —— w/o NL&Res

— w/NL

— LPMT w/ NL&Res

SPMT w/ NL&Res

—NL

> 468 10 12
Deposited Energy Ed [MeV]
ep

= 25— - - - -

~ 20f —LPMT

@] [

R — SPMT

Z 10}

& 5k 3
% of— . , , , ]
E 2 4 6 8 10 12
= Visible Energy EViS [MeV]

6 g 10 12

Energy [MeV]

Calibration campaigns

« automated multiple-position and
multi-source calibration (link)

* periodic calibration campaigns

* dual-calorimetry system (link)

Energy resolution

2 2
7 (L) v (©)
E J|\VE E
Stochastic term: light yield
(from source calibration)

p Dominated by non-uniformity
(from multi-source calibration)

C PMT dark noise

47


https://agenda.infn.it/event/33107/contributions/205087/
https://agenda.infn.it/event/33107/contributions/205095/

| JUNO detector response: state of the art

Realistic MC simulation

Response

Scintillation Light / True Energy

1.04

1.02

-

] N ]

SR OK

E_ 7777777 0co * Simulated data

F 54Mn e Energy model

E oarcs (almost overlapping)
“*e8Ge

JHEP 03, 004 (2021)

LJ14‘._42|._A..5.;.._111._4.5LJ.LJéLJ.

True Gamma Energy [MeV]

0.85

Updated values based on commissioning
data and realistic MC simulation

— (o]
o (\] (¥,] W

(S

\ Energy Resolution [%] /

. " JUNO Preliminary 1
F1 2.95 % at 1 MeV B
— o_ (A, o, (6
- E \/_F> * +<E) .
= a 2.614+0.005 —
: b 0.640«0.003 1
— c  120+0.01
:1 PR I T T S N NN TR A AN TN SN SN NN SN NN S NN SN T T N N 1:
0 2 4 6 8 10 12

Reconstructed Energy [MeV]
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Measured data

PMT Detection Efficiency

Micro-channel plate (PDE) = 30.1%
Dynode (PDE) = 28.5%
All (PDE) = 29.6%

Eur. Phys. J. C 82, 1168 (2022)

25 35 40

30
PDE Corrected [%]

Dark Current Rate

MCP (DCR) = 49.3 kHz
Dynode (DCR) = 15.3 kHz
All <{DCR) = 40.8 kHz

Eur. Phys. J. C 82, 1168 (2022)
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IBD selection cuts Efficiency IBD rate

| IBD backgrounds in JUNO DLy

Fiducial volume 91.5 52.5
JUNO employs various selection cuts to retain high IBD selection 98.1 511
efficiency and assure high purity in the IBD signal: Energy range 99.8 i
« Cosmogenic backgrounds = muon veto Time correlation (AT, .y) 99.0 -
. L. . . Spatial correlation (AR, ) 99.2 -
« Accidental coincidences - fiducial volume + IBD cuts . .
Muon veto (Time+spatial) 91.6 471
* Irreducible backgrounds = negligible (~1/20 of signal) Combined selection 82.2 471
0.0 e ————— .
00 F= e A T il bt Residual Rate1 Rateo unc. Shapoe
_ 018 f_ ____________________________________________________________ :Global F:?eactort‘; E?tan;?'{é:tterrci;gm baCkgrounds [day- ] [/O] unc' [/O]
[P ST YE LA N Y S N W i) e Geoneutrinos 1.2 30 5
3 = : : :
S 0 A4 A A S B World reactors 1.0 2 5
é 0.12 4N, : | Accidentals 0.8 1 negligible
g 0085 : : Atmospheric 0.16 50 50
D 0:06 gt N BD Gignal o T neutrinos
0.04§ 5 ; ; - IBD + residual BG - -rovoeoveee Fast neutrons 0.1 100 20
0.02 """" o , """"""""""""" 13C(a,n)160 0.05 50 50
0 2 4 6 8 0. 12 Total background 4.11 - -

Visible Energy [MeV]



| Detection channels in JUNO

Liquid scintillator: readiorBP CC on proton

Linear alkylbenzenes 0L

H(CHy_ _ACHy)H

C-88% CH 10" E CC on Carbon 3
H-12% - ]
o NC on electron :
£ ]

) -43
10 c

— Vv, +p-oet+n

— V+po>VtD 10 :
+e o+ — Ve—p(CO) be — 12C (CC) 1
—_ V+e—->v+te » — ve—e(NC)  —— yp,—12C(CC) ]
10 —— Ve —€(NC) —— Veyr— P (NC) 3
12 - 12 elult 3
— Vo, + “C—>e +°N — Vyr—e(NC)  —— p_.—p(NC) ]
12 + o, 12 B — & (NO) |

Ny —46 I 1 1 1 1l 1 1 1 1 | 1 1 1 1 | 1 1 1 1 | 1 1 1 1
Ve+ “C—e" +°°B 10 10 20 30 40 50

V/V energy [MeV]



| Photomultiplier Tubes

"h‘
9000 x 20” Hamamatsu R12860
High QE: 28 5% High efficiency of
Cine TTS’_ 1 3 e > | photon detection
15012 x 20” NNVT MCP-PMTs
Highest QE: 30.1%
Good TTS: 7.0 ns

/

25600 x 3” HZC XP72B22

e Calibration of 20" PMTs’ non-linearities
e Extension of dynamic range




| Dual calorimetry system

JUNO employs the dual calorimetry system to correct
for electronics non-linearity

Sources of non-linear response:

- Non-uniformity (NU)

- Liquid scintillator non-linearity (LSNL)
- Charge non-linearity (QNL) of L-PMTs

Simulations with extreme channel-level
non-linearity of 50% over 100 PE show that
L-PMT response (R) non-linearity can be
corrected using S-PMT as calibration reference:

s 1
RL—PMT ZIRLSNL . RL—PMT .

S—PMT _ _ pS—PMT! | pS—PMT
R _IRLSNL Ry ™ 1" Ront

Instrumental non-linearity

10— .
1.00F  cmmmmmim e msaeessaseenesssseenes 3
0.99F e =
-------- Zero instrum. nonlin. _____»____________E
Uncalibrated instrum. nonlin. E
098 | — — Calibrated instrum. nonlin. | - - - - _ _ _____ "> __ _:
0.3% band ]
L T T T T T [ IR R [
0 2 4 6 8
True electron energy [MeV]
RL—PMT RL—PMT
ONL

RS—PMT — R S—PMT

QNL



| Other non-linearities

Detector non-uniformity Liquid scintillator non-linearity
The detector response to the same charge deposition Light emission has an intrinsic non-linearity because of:
depends on the position at which the event occurs and - Birks’ quenching effect in scintillation photon yield;
needs to be properly characterized. - Velocity-dependent Cherenkov emission.
= [— cose: 0.9 C
1600 :——cose: -0.7 . 1.04 -
- cosB: -0.5 o -
F— — cosf: -0.3 g 1.02 -
% 15005 —— cos8: -0.1 B B
| === cosB: 0.1 re 1.00 —
z - cosb: 0.3 % :
E | cosB: 0.5 = 0.98 __
; 1400 :_—0059:0.7 ? C
§ E cosB: 0.9 E 0.96 -
?3 EEEEE .g E 54\
% = T 094 ---/--" R EEE R EEEEEEEEE —Bestfit ---
5 1800 -3 oo oo R - S C 137
- Light yield @ center 1345 MeV Z o002l G
— "~ >71665 MeV (neéw resolution modely ~ ' TR 4%Ge
1200:||||||||||||||||||||||||||||||||||||| 0‘90_||||I||||I||||I||||I|IIIIIIIII|||
0 2 4 6 8 10 12 14 16 18 0 1 2 3 4 5 6
Radius [m] True gamma energy [MeV]
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| Calibration of the JUNO detector

Radioactive sources (100-200 Hz) + Laser sources

* 1D: Automatic Calibration Unit (ACU)
e 2D: Cable Loop System (CLS)

* 3D: Remotely Operated under-LS Vehicles (ROV)
 Boundary: Guide Tube Calibration System (GTCS)

Sources/Processes | Type Radiation
137Cs v 0.662 MeV
>\Mn 0l 0.835 MeV
60Co v 1.173 + 1.333 MeV
40K v 1.461 MeV
68Ge et | annihilation 0.511 + 0.511 McV
241 Am-Be n, vy neutron + 4.43 MeV (12C*)
21 Am-13C n, 7y neutron + 6.13 MeV (100*)
(n,7)p 0% 2.22 MeV
(n,y)2C v 4.94 MeV or 3.68 + 1.26 MeV

250 calibration points

AURORA

spool mmspool
! i Automatic Calibration Unit

1
T——ROV guide rail
Calibration house
Central cable
spool spool %
Side cable ©
spool spool S
7]
)
o
=1
TJI{ 1]« 3
»
Control spool spool
Room " ” .
——= Pridee
e
=2
®
%
—~ ©
2
[
® 3
Source
(-]
.\c}a
X
\\Q
=
N
%/’6/ bﬁ*
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P o
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e er'
R AN
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| Calibration strategy

Source Energy [MeV]  Points
Neutron (Am-C) 2.22 250
Neutron (Am-Be) 4.4 1
Laser / 10
Comprehensive calibration (250 points, ~48h) % Ge 0.511 x 2 1
137Cs 0.662 1
— basic understanding of the CD performance 54Mn 0.835 1
60Co 1.17+1.33 1
40K 1.461 1
Total / /
System Source Points
Monthly calibrations (~100 points, ~11h) ACU Neutron (Am-C) 27
ACU Laser 27
—> monitor non-uniformity CLS Neutron (Am-C) 40
GT Neutron (Am-C) 23
Total / /
Weekly calibrations (~15 points, ~2.4h) Source Energy [MeV]  Points
Neutron (Am-C) 2.22 5
—> track variations in LY of LS, PMT gains, and electronics Laser / 10

Total / /




Normalizing flows-based density estimation @

o X: input data /
* Normalizing flows [1]:
o Generative machine learning model Z =
o Aims to explicitly model a density estimation ]C N\ f-1 —/ -
7
o Can be generalized for modeling a conditional density 1(z \ 1(24
z~ R(z) _
estimation as well o :
N A 5 o
o To obtain avalue from the target distribution: ]E (Zw) \% ]E(Zi) % E
z 2
= sample avalue from the base distribution and passing it Zi =5 [\ g’ <
N =
through all the flows N\ -1 « ®© 2.
]€1 (zi) \F Jfﬂ (ZH) 4 g g
z~ R(z) z S
N\ -1
)E,(Zq) ]ﬁ (Zo) I\
V
= = /|
N
7

[1]1R. J. Rezende et al, arxiv: 1505.05770
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Normalizing flows-based density estimation

* Normalizing flows [1]:
o Generative machine learning model
o Aims to explicitly model a density estimation
o Can be generalized for modeling a conditional density
estimation as well
o To obtain avalue from the target distribution:
= sample avalue from the base distribution and passing it

through all the flows

* Normalizing flows are based on an idea of transforming a simple
known distribution (e.g. standard Gaussian) to the complex,
desired distribution by applying multiple learnable (using data)
transformations

e Each transformation is called Flow and must be invertible

[1]1R. J. Rezende et al, arxiv: 1505.05770

Arsenii Gavrikov, Andrea Serafini, et al - NeuroMCT

X: input data

Jiz
f (2.
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\

\

\
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fe
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o
O

/
>
z~ R(z) _
>
z~ R(z) z
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>
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Normalizing flows-based density estimation @

o X: input data /
* Normalizing flows [1]:
o Transformations can be very diverse as long as they follow the Z =
invertibility condition )c N f-1 —/ -
7
o We use Planar flow: 1(z \% 1(2d = R(Zu\
« fo(z) = + up tanh (zwg + by) "/.\ ; .§ o
]‘i: (Zm) j;.(Zi) N § 3
V ! S s
z - [\ g5
N T 2
]‘i:q (z,) \p ]fﬂ (zw) 7 g g
z~ R(z) z S
N\ -1
)fl(z‘) \/ ]ﬁ (Zo) I\
Z =
N
7
z~R(z\=#0Y) L

[1]1R. J. Rezende et al, arxiv: 1505.05770
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Normalizing flows-based density estimation @

* Normalizing flows [1]: X: input data /
o Transformations can be very diverse as long as they follow the Z =
invertibility condition A A —/ -
o We use Planar flow: )g (24 WV ]E(Z") P(2) g
« fo(z) = = + up tanh (zwg + by) /\ y L 2 S E
= where parameters ug, wy, by are parametrized by neural ]E (Z) \/ ]E(Z;) N g %
networks to include the conditions (MC parameters + source Zi =5 [\ :EI" %
. - - ) = o
type): conditional probability ]1{:1 (z) \//'\ ]€,1 PZH) = § g
z~ R(z) z S

N\ -1
)EI(Z‘) ]ﬁ (z,) N

V

Arsenii Gavrikov, Andrea Serafini, et al - NeuroMCT 8.4

[1]1R. J. Rezende et al, arxiv: 1505.05770



Normalizing flows-based density estimation

X: input data

* Normalizing flows [1]:
o Transformations can be very diverse as long as they follow the
invertibility condition
o We use Planar flow:
= fo(z) = z + ug tanh (zwg + by)
= where parameters ug,wg, bg are parametrized by neural
networks to include the conditions (MC parameters + source
type): conditional probability

* How to perform the inference with the model?

[1]1R. J. Rezende et al, arxiv: 1505.05770

Arsenii Gavrikov, Andrea Serafini, et al - NeuroMCT
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Ji (20
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Normalizing flows-based density estimation @

. X: input data AN
* Normalizing flows [1]:
o Transformations can be very diverse as long as they follow the Z =
invertibility condition N -4 — -
JC (ZK‘ ]E(Zk\ =
o We use Planar flow: \% R(Z)
L X L] LN
fo(z) = = + ugtanh (zwy + bg) A ; .§ o
iy (&) (1)
= where parameters ug,wg, bg are parametrized by neural ]E (z) \/ ]E(Z;) N % E
z )
networks to include the conditions (MC parameters + source Zi =5 [\ ."E” g
N =
type): conditional probability ][ ) N\ )[2 ) “~ T'és 2
i \Zi e (2 7 £ o
* How to perform the inference with the model? \'% ' 2 P(Zu) 2 g*
° o i = =}
d fr ﬂk[zk) dfx ox () A
= N
log p(|y) = logp(z0) + Z log +log —2> f@) Ul A
Zs =p
Data MC parameters +
source type well-known Computed based on the >
(e.g. standard learned transformations
Gaussian) Zo~ E(Zo\ = A/(O,I) < L

[1]1R. J. Rezende et al, arxiv: 1505.05770

Arsenii Gavrikov, Andrea Serafini, et al - NeuroMCT 8.6



	Simulation-based Inference�for Precision Neutrino Physics through�Neural Monte Carlo Tuning�
	Simulation-based Inference�for Precision Neutrino Physics through�Neural Monte Carlo Tuning�
	The JUNO experiment
	The Energy Response Challenge
	The Energy Response Challenge
	The Energy Response Challenge
	Monte Carlo tuning strategy
	Monte Carlo tuning strategy
	Monte Carlo tuning strategy
	Monte Carlo tuning strategy
	Two Neural Likelihood Estimators
	Transformer Encoder-based Density Estimator (TEDE)
	Normalizing Flows-based Density Estimator (NFDE)
	Normalizing Flows-based Density Estimator (NFDE)
	Normalizing Flows-based Density Estimator (NFDE)
	Datasets: training/validation strategy
	Datasets: training/validation strategy
	Datasets: training/validation strategy
	Datasets: training/validation strategy
	Datasets: training/validation strategy
	Datasets: training/validation strategy
	Datasets: training/validation strategy
	Datasets: training/validation strategy
	Datasets: training/validation strategy
	Training and validation of the models
	Training and validation of the models
	Parameter estimation
	Parameter estimation
	Parameter estimation
	Learned dependences
	Evaluate ML-driven systematic uncertainty
	Estimation of ML-driven systematic uncertainty
	Estimation of ML-driven systematic bias
	Summary
	Summary
	Summary
	Thanks!
	TEDE vs. NFDE (uncertainty)
	TEDE vs. NFDE (bias)
	Hyperparameters optimization
	Slide Number 41
	Slide Number 42
	Slide Number 43
	The JUNO detection process
	The JUNO detector
	Detector response: what JUNO actually sees
	Detector response: what JUNO actually sees
	JUNO detector response: state of the art
	IBD backgrounds in JUNO
	Detection channels in JUNO
	Photomultiplier Tubes
	Dual calorimetry system
	Other non-linearities
	Calibration of the JUNO detector
	Calibration strategy
	Slide Number 56
	Slide Number 57
	Slide Number 58
	Slide Number 59
	Slide Number 60
	Slide Number 61

