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Simulation-based inference: bypassing intractable likelihoods

4

% In physics (and beyond) we employ mechanistic models (that act as forward models):
» from fundamental particle interactions to cosmological evolution
» known forward process but unknown inverse

: : : Source: 2508.12939

< We rely on high-fidelity Simulation-based inference

simulators (like Geant4 or GENIE) Prior Simulated Inference Posterior

that encode fundamental theory to data network estimate

generate synthetic data: p(x | 6)

¢ - Y Y

% p(x| 6) is not explicitly available: . N

the likelihood intractability ‘ . é ‘

problem 5 o~ L

3 .- W -':‘i ;_.a><;_.a o

s To infer the parameters 6, we have W

to estimate p(6 | x) O

Train on simulated data,

% ML can help here too! 0 ~ p(0) x ~ p(x|0) then evaluate at x,. qe(0|x,)

[1]2010.06439v2
[2] PNAS 117 (48) 30055-30062
[3] 2508.12939
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Simulation-based inference: bypassing intractable likelihoods

* The ML approach: learning the inference quantity from simulator outputs

s Three complementary strategies:
» Neural Posterior Estimation (NPE): directly learns the posterior p(60 | x)

» Neural Likelihood Estimation (NLE): learns the likelihood p(x | 8), the posterior is then evaluated with e.g. MCMC
» Neural Ratio Estimation (NRE): trains a binary classifier to approximate the likelihood ratio r(x | 8) = p(x|6)/p(x)

Training Inference o, ce: 2508.12939
\PE I o .0 R direct
»| Gen. mode q(0|z) > q(0)z)

MCMC w/
NLE —> Gen. model p—» q(:c‘H) @ » Q’(ﬁm)P(e) v 9@’330

Classifier pP— ~~

v

[1]2010.06439v2
[2] PNAS 117 (48) 30055-30062
[3] 2508.12939

A. Gavrikov (TDLI-SJTU) QC&ML2026, 19/08/2026



Simulation-based inference: bypassing intractable likelihoods

* The ML approach: learning the inference quantity from simulator outputs

% Three comnlementarv strategies:
» Neural Posterior Estimation (NPE): directly learns the posterior p(0 | x)
» Neural Likelihood Estimation (NLE): learns the likelihood p(x | 8), the poste
» Neural Ratio Estimation (NRE): trains a binary classifier to approximate the likelihood ratio r(x | 8) = p(x|6)/p(x)

|) Fast inference
[I) Probabilistic reconstruction

Training Inference o, ce: 2508.12939
\PE I o .0 R direct
»| Gen. mode q(0|z) > q(0)z)

MCMC w/
NLE —> Gen. model p—» q(:c‘H) @ » Q’(ﬁm)P(e) v 9@’330

Classifier pP— ~~

v
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Simulation-based inference: bypassing intractable likelihoods

* The ML approach: learning the inference quantity from simulator outputs

s Three complementary strategies:
» Neural Posterior Estimation (NPE): directly learns the posterior p(60 | x)

» Neural Likelihood Estimation (NLE): learns the likelihood p(x | 8), the posterior is then evaluated with e.g. MCMC
» Neural Ratio Estimation (NRE): trains a binary classifier to approximate the likelihood ratio r(x | 8) = p(x|6)/p(x)

Source: 2508.12939

Criterion NPE NLE NRE
Inference speed ++ (Ms) | — (sec-min) | — (sec-min)
Simulation efficiency for i.i.d. data —— ++ ++
Embedding network compatibility ++ —— ++
Training computational cost Medium Medium Low
Invalid simulation handling ++ — —
Hyperparameter tuning complexity Low High High
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The JUNO experiment

Jiangmen Underground Neutrino Observatory (JUNO):

» multi-purpose neutrino experiment
» located in China

» largest liquid scintillator (LS)
detector ever built

Data-taking is ongoing since ] , 2 =

August 2025 and first physics NSO /| ‘*’* v \(_"_‘}'T , Y At

results are already out! " ~ Credits: JUND " '/ Y
.h\; " L : S \“i Z ..
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The JUNO experiment ~650 meters deep

underground

Jiangmen Underground Neutrino Observatory (JUNO):

» multi-purpose neutrino experiment
» located in China

» largest liquid scintillator (LS)
detector ever built

gigantic detector
~35.4 meters in diameter

Data-taking is ongoing since "R SN R [ e 8 R
August 2025 and first physics L $oe 10 et V.2 »
results are already out! '/ ¥/
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underground
Acrylic sphere (12cm

Jiangmen Underground Neutrino Observatory (JUNO):

thick) filled with 20 kton
» multi-purpose neutrino experiment of radiopure LS
> located in China LS of JUNO is organic:
LAB +2.5g/L PPO +3

» largest liquid scintillator (LS) mg/L bis-MSB

detector ever built

Data-taking is ongoing since
August 2025 and first physics
results are already out!
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underground
Acrylic sphere (12cm

Jiangmen Underground Neutrino Observatory (JUNO):

thick) filled with 20 kton
» multi-purpose neutrino experiment of radiopure LS
> located in China LS of JUNO is organic:
LAB +2.5g/L PPO +3

» largest liquid scintillator (LS) mg/L bis-MSB

detector ever built

~78% photo-coverage by
photo-multiplier tubes (PMTs):
» 17596 Large 20” PMTs
» 25587 small 3” PMTs

Data-taking is ongoing since J & Do) ‘,, ’( //
August 2025 and first physics e @ /@ 5%

\
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results are already out! R SN !FF( P/
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The JUNO experiment ~650 meters deep

underground

Acrylic sphere (12cm
thick) filled with 20 kton
of radiopure LS

Jiangmen Underground Neutrino Observatory (JUNO):

» multi-purpose neutrino experiment
» located in China

» largest liquid scintillator (LS)
detector ever built

LS of JUNO is organic:
LAB+2.5g/L PPO+3
mg/L bis-MSB

The main goals of JUNO: ~78% photo-coverage by
photo-multiplier tubes (PMTs):
» 17596 Large 20” PMTs

» 25587 small 3” PMTs

» neutrino mass ordering at 3o
after ~6-7 years

» sub-percent measurements of
the oscillation parameters:

Am3,,Am3,,sin%6,,

> usingreactor v,

Overall physics potential and
program is broader

Data-taking is ongoing since ] , Bid = ;

August 2025 and first physics AR e e Y By

results are already out! " ~ Credits: JUND 8071
e ‘ - - A Z; \‘{ z o
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underground
Acrylic sphere (12cm

Jiangmen Underground Neutrino Observatory (JUNO):

thick) filled with 20 kton
» multi-purpose neutrino experiment of radiopure LS
> located in China LS of JUNO is organic:
LAB +2.5g/L PPO +3

» largest liquid scintillator (LS) mg/L bis-MSB

detector ever built

~78% photo-coverage by
photo-multiplier tubes (PMTs):
» 17596 Large 20” PMTs

» 25587 small 3” PMTs

The core challenge:
» Energy resolution: 3% at 1 MeV

»| <1% control over energy
scale systematic uncertainty

need for highly accurate
and well-tuned Monte
Carlo (MC) simulations

Data-taking is ongoing since
August 2025 and first physics
results are already out!
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The challenge and
the method



Physics challenge

/

** Detection principle of JUNO:
» 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
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Physics challenge

/

** Detection principle of JUNO:
» 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

% Challenge:

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

> In simulation, we model this non-linear relationship with 3 parameters: 1.04

o Birks' constant (k;) ¥: models quenching, which reduces visible NPE 102

o Cherenkov factor (f;) 1: model the contribution of Cherenkov light

.£0.98
o Lightyield (Y) : models the overall scaling factor (after quenching) }096
0.94 - Mn — Best fit
~ 137(:s
0.92_____556_ _______________________________________
m ° JHEP 03 (2021) 004
Calibrationsources b||||!||I||2||I|I:|5|IIIJ1_|llléllllélll

True gamma energy [MeV]
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kg: 15.45 [g/cm2/GeV], fc: 0.525, Y: 10100 [1/MeV]

o 10_1: 1 —— JUNOSW 137¢s _
Physics challenge / .\
i A\l — "o :
1 —— 221pm-—Be
42 10_2 . } \ 241Am_13c .
% Detection principle of JUNO: 5 f 'ﬁJ ” lﬂj kg ;
s - {‘“-['-'.i{'
» JUNO is a calorimeter: a particle deposits energy in the scintillator. E ; T ,“ q" WLM €
= 10~
» The scintillator emits light collected by PMTs and measured as a total E | W
o
number of photo-electrons (NPE) - our proxy for the visible energy = 10-4l
% Challenge: 10-5 A

o 2 4 6 8 10 12 14 16
> The relationship between true deposited energy and NPE is not linear Number of pt :o-electrons: N ¢, /10’
» In simulation, we model this non-linear relationship with 3 parameters: 104 oo 15_,,-‘
o Birks' constant (k;) ¥: models quenching, which reduces visible NPE 102 mm s 7'712156 ----------------
o Cherenkov factor (f;) 1: model the contribution of Cherenkov light 1;_/'/nH """"""""""""""
o Lightyield (Y) *: models the overall scaling factor (after quenching) ?0'98:_ _______ /£ :OK ________________________________
C ol ]
0.961 / oo
. . 0.94---/-- M — Best fit
Task: tune (kg, fc, Y) so that our MC matches real calibration data = /ﬂ o
0.92F - Jfoga= "= e e mem oo
. . . .. - G
pivotal to control systematic uncertainties E T Ll .J.|T||EI|D.O.3. (‘|2.O|2.1.) |O|0|4|

1 2 3 4 5
True gamma energy [MeV]
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Monte Carlo tuning strategy

The most straightforward approach would be...

1
Likelihood Fitter Results
. . Minuit best fit {kg, fc, Y}
q E . = MCMC
| = Nested sampling

JUNO Calibration data D

A. Gavrikov (TDLI-SJTU) QC&ML2026, 19/08/2026
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Monte Carlo tuning strategy

The most straightforward approach would be...

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
¢ = {ks, fc, Y}g

|
N Likelihood Fitter Results
PR A = Minuit best fit kg, fc, 1}
R = MCMC
l = Nested sampling
JUNO Calibration data D

A. Gavrikov (TDLI-SJTU) QC&ML2026, 19/08/2026
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Monte Carlo tuning strategy

The most straightforward approach would be... . .
, 18 PP S Neural Likelihood
too impractical and slow! Can we replace it with a surrogate model? . .
Estimation (NLE)
(able to interpolate

in param space)

MC N y
¢ = {kg, fc, Y}g

4 N\
Fast ML model to

Training | get spectra for ¢

p(x|¢)

LM($)ID)

1
Likelihood Fitter Results
-r:.‘zf-a s gy . Minuit best fit {kg, fc, Y}
R e = MCMC
| = Nested sampling

JUNO Cal_ibration data D

A. Gavrikov, A. Serafini, D. Dolzhikov et al., Commun Phys 9, 63 (2026)
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Two Neural Likelihood Estimators

Provides PDF
estimation by TEDE
+ straight and reliable model ( Multi-output regressor \ outputting a
- requires pre-defined binning histogram T
Aims to directly learn a mapping from Moo 1
the parameters and a source type to the |:> \
@ \histogram representing the spectra PDF y
We use a Transformer encoder-based model as the {
4 Conditions: A density estimator (TEDE) ”T*mﬁ' T
kB, fC, Y + source
Provides the exact
type S -
\_ ) /Normalizing Flow-based model \ conditional PDF for NFDE
any energy value:

Aims to learn the exact conditional

probability of the energies* for a given set P(E | ks, fc, Ly, S)

of parameters and a source type:
+ exact probability density function . - |:>
+ no pre-defined binning P E E) C \/ (3

(__ PEBCLS)

+ opens a possibility of an unbinned fit

We use Normalizing Flows-based model (NFDE) to evaluate the
*represented by amount of light collected exact conditional probability for the events and build the PDF

A. Gavrikov, A. Serafini, D. Dolzhikov et al., Commun Phys 9, 63 (2026)
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Transformer Encoder Density Estimator (TEDE)

MC parameters: ___

{kB, fc, Y} // \ o
Parameters \ S >
—» Embedding Y v T g
o = = = fah)
Block l 8 -5 5’ - g g > _% L
> 51 —> 82 % g
Source Source type § < § - § 3 o
type } Embedding Y 4
> J
Multi-output regressor is based on the Transformer's encoder :
» A powerful architecture, well known for NLP and CV applications ) % c -
M = = ~
» Each condition (MC parameter or source type) is treated as a token 2 u;;_"" g —p» 2
- | & 2 o |
- |5 =<

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

binning (bin size of 20 PEs)

A. Gavrikov, A. Serafini, D. Dolzhikov et al., Commun Phys 9, 63 (2026)
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Normalizing Flows Density Estimator (NFDE) @) F s

. . . X [Np. e /10%]
Normalizing flows: 0 5 %10 15

» generative ML model aimed to explicitly model a density estimation 10 plx1 | W) 241Am-—Be
» generalizable for modeling a conditional density estimation as well (via a

dedicated conditioning neural network)

Model density: p(x | @)

1T T T 1T 17T 177 4

> based on an idea of transforming a simple known distribution 2= M0,1) 3

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

3 N Pl22)

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

of(x, y)
ax

z' = z+ utanh(wz + b)
planar flow
--» {u,w,b}

flx1, @)

Input Flow's S T B
_ or 0.0 0.2 0.4
—> Embedding —> Parameters Base density

{kBa fCaya S}

Conditions vector

| Block Head --» {0, 8,7}
radial flow

¢_

A. Gavrikov, A. Serafini, D. Dolzhikov et al., Commun Phys 9, 63 (2026) a + |Z B yl
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Datasets: training/validation strategy

Always in the center of the detector Y and kz example

Training data

. @® Training

» 21 points per param (213 combs) ,
» 10k events x 5 sources per point (~500M events) " - - - - - - e - - 1 J
ToJs ]I ]7 S W S W V— S—" V" W—" W—" —— —
® e o o o o o o o o Q: q
B ° + ® + + ° ° 4 + t: q

9500 - i
B ® + ® + + ® ® + + + q
S e o o o o o o o o o o

v |
% 00{e e e e e e e o o o &
» ° + ® + + ° ° 4 + 6: q
B ® + ® + + ° ® + + 6: q

8500 |
b + ® + & + + + + + . q
e o e o o o o o o o ¢ <
8000 e e e e e o e o o ¢ ¢

6 8 10 12 14
A. Gavrikov, A. Serafini, D. Dolzhikov et al., Commun Phys 9, 63 (2026) kB [g . cm_z . GeV_l]

A. Gavrikov (TDLI-SJTU) QC&ML2026, 19/08/2026




Datasets: training/validation strategy

Always in the center of the detector Y and kz example

Training data
» 21 points per param (213 combs)

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

13?CS
40|(
GOCO

241Am—Be |

241Am_ 13C

14

A1 — JUNOSW ——
1071k
ﬂﬂ

(7]
2 1072k
3
@]
(W)
=
Q
= 1073F
(0]
-
|-
o
=

10—4_

-5 |||||||I|||I|||I|
1075 2 4 6 8 10 12
Number of photo-electrons: N, . / 103

16

A. Gavrikov, A. Serafini, D. Dolzhikov et al., Commun Phys 9, 63 (2026)

A. Gavrikov (TDLI-SJTU)
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@® Training

e o o o o o o o ® & )
10000 1@ --—--@--—-@-—---@-----@ @~~~ =~ T N W——
e o o o o o o o 3 Q: q
B + + + & 4 + 4 4 o: :

950 |
+ " 4 + 4 4 + :
S e o o o o o &

v |
% 9000 1 e o o o o o &
3 & 4 + 4 4 6: :
+ &+ 4 + 4 4 6: :

85007 |
b + + + & + + + + . q
e o e o o o o o e ¢
8000 e e e e e e o e ¢

6 8 10 12 14

QC&ML2026, 19/08/2026




Datasets: training/validation strategy €d T

Always in the center of the detector Y and kz example

Training ® \Validationl

Validation data #1 10000 +¢-——4—1—@——@—1—@——@———@——@——@———@—1—  S—
> 10 points per param (103 combs) ® o o o o i
» 10k x 5 events per point (50M events) i
—> cover most of parameter space i
9500 1 © ° ® o o |
|
T |
> !
g ® ® ® ® ® !
— 9000 i
>~ |
° PS ® o °® |
|
|
8500 - |
o o o o o |
8000 | | i
6 8 10 12 14
A. Gavrikov, A. Serafini, D. Dolzhikov et al., Commun Phys 9, 63 (2026) kB [g . Cm_2 . GeV_l]

A. Gavrikov (TDLI-SJTU) QC&ML2026, 19/08/2026



Datasets: training/validation strategy

Always in the center of the detector

Y and kg example

/ W v, a

TSUNG-DAO LEE INSTITUTE

Training Validation 1 * Validation 2
10000 === === >
x |
S 9500 - i
Validation data #2 !
> 3 points in total N i
» 10M x5 events per point (150M events) % i
- anchor PDF to high-stat spectra = 9000 . |
>~ |
|
8500 1 i
* !
8000 | i
6 8 10 12 14

A. Gavrikov, A. Serafini, D. Dolzhikov et al., Commun Phys 9, 63 (2026)

kg [g-cm™2-GeV™!]
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Datasets: training/validation strategy

Always in the center of the detector Y and kz example

o’ TSUNG-DAO LEE INSTITUTE

Training Validation 1 * Validation 2
i i i i i i i i i i i
10tk —— JUNOSW 137Cs 1 i
| “K : |
I 60Co :
10%F |} 241Am—Be 3 i
| 241Am-13C |
Validation data #2 i : i
» 3 points in total 107 ENY E |
» 10M x5 events per point (150M events) - E
L |
- anchor PDF to high-stat spectra 10-2 :
E . 3 |
¥ |
1% i
103 gf 3 i
Ein iu L& a1 TN I TN TN TN [N TN (N N [N T N N S N T : i
0 2 4 6 8 10 12 14 16 i
|
Number of photo-electrons: Ny e / 10° |
|
8000 i
6 8 10 12 14
A. Gavrikov, A. Serafini, D. Dolzhikov et al., Commun Phys 9, 63 (2026) kg [g . Cm_2 -GeV_l]
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Datasets: training/validation strategy

Always in the center of the detector Y and kz example

o’ TSUNG-DAO LEE INSTITUTE

Training Validation 1 Validation 2 @® Testingl
® @ ° ° ® E °
10000 +7m==mm === = m oo >
o o @ = o | o
9500 - i
|
Uy o O o = o I @
> E
— |
= 90001 i
Testing data #1 ¢ ¢ ¢ ¢ ¢ E ¢
» 10 points per param (103 combs) i
> 10k x 5 events per point (50M events) l
> check possible biases over parameter space 85007 o ® o o o —®
® ° [ ° ® o
8000 | | i
6 8 10 12 14
A. Gavrikov, A. Serafini, D. Dolzhikov et al., Commun Phys 9, 63 (2026) kB [g : Cm_2 ' GeV_l]
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Datasets: training/validation strategy

Always in the center of the detector Y and kz example

Training Validation 1 Validation 2 Testing 1 * Testing 2
10000 === === m *—

9500 - i

|

T i

> |

= |

— 9000 |

S |

|

8500 1 i

Testing data #2 E

» 1 point |

»> 1000 x [1k; 2k; 5k; 10k; 25k] events x 5 with diff. seeds gggo - i
—> Analysis of systematic uncertainty of the model 6 g 10 12 14

A. Gavrikov, A. Serafini, D. Dolzhikov et al., Commun Phys 9, 63 (2026) kB [g . 'CITI_2 . GeV_l]

A. Gavrikov (TDLI-SJTU) QC&ML2026, 19/08/2026




Datasets: training/validation strategy

Testing data #2
» 1 point

» 1000 x [1k; 2k; 5k; 10k; 25k] events x 5 with diff. see€
- Analysis of systematic uncertainty of the model

A. Gavrikov, A. Serafini, D. Dolzhikov et al., Commun Phys 9, 63 (2026)

A. Gavrikov (TDLI-SJTU)

Always in the center of the det

Counts

Counts

kB: 15.45 [g/cm2/GeV], fC = 0.525, LY = 10100 [1/MeV]
T T T T T T T L —

1
—— AmBe:uzxo

AmC:uxo
---- Poisson unc.

F i d AR
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Testin

ﬁ — Csl37:uzxo
10%F Ka0: p+ o
. ﬁﬁ —— Co60: u*o
I 1k events
h
100 || AL F
illn7
JJ, I\—‘ e 1§ IL"""-.
'R,"lll /. J 'l.."'-.. e
;'("u.,‘/-m i i \\"\1.'\
| 1 L‘“n,,
] I
Lol NN
2000 4000 6000
Raw NPE

103k

102 e

10! F

10°

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

[T T T T T T T T T T T T T T T

—— Csl137:uxao
Ka0: puxo

— Cob0:uxo

25k events

e Y

oy
(3 S
e,

—— AmBe: uz*o 11

AmC: uxo

.
—mmano
i

o
)]
i

Poisson unc. § |

6000
Raw NPE

2000 4000

QC&ML2026, 19/08/2026
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Datasets: training/validation strategy

Always in the center of the detector Y and kz example

» 1 point
»> 1000 x [1k; 2k; 5k; 10k; 25k] events x 5 with diff. seeds gggo{e ® ® ® ® P P ® ® ®
- Analysis of systematic uncertainty of the model ' ' | '

Training data - o . : :
® Training Validation 1 Validation 2 ® Testingl Testing 2
» 21 points per param (213 combs) _ _ *x _ _ * -
» 10k events x 5 sources per point (~500M events) " [ ® ® ] ® [ ] - - - 1 J
o - o = % L Y
Validation data #1 10000 +&----&--——@--———- ®--—--- ®--—-—- *--—-@---9---- ®--——- &--—-- . |
» 10 points per param (102 combs) . . g )\ 4 ® i i ® d d ® )i i x $ )
» 10k x 5 events per point (50M events) ® ® i ® ® i ®
- cover most of parameter sSpace ® ® 'Y ® ® ® ® ® + ® + q
o 9500 - : + + + o |
Validation data #2 ® ® F ® ® ® ® ® EY ® & d
» 3 points in total N ¥ + + + + e
> 10M x5 events per point (150M events) > ¢ ¢ |- g g . ® ¢ . 4 4 . ® ® ! ¢ {
- anchor PDF to high-stat spectra % 9000 ® ® ° ° I . . . I o + <
. ® 4 ] $ " L @
Testing data #1 e o o o o o o o o o o
» 10 points per param (103 combs) > ® ® ® o |
» 10k x 5 events per point (50M events) b + + + + + + °® + 1 + q
- check possible biases over parameter space 85001 @ ® o ® o | ®
* + e o 4+ + o o + + T :
Testing data #2 * ® ® ® e |
¢
+

()]
co
=
o
=
N
=
IS

A. Gavrikov, A. Serafini, D. Dolzhikov et al., Commun Phys 9, 63 (2026) kg [g . 'CITI_2 . GeV_l]

A. Gavrikov (TDLI-SJTU) QC&ML2026, 19/08/2026




Some results: spectra modelling

Example with NFDE:

A. Gavrikov, A. Serafini, D. Dolzhikov et al., Commun Phys 9, 63 (2026)

(aY) i d a2

7 TSUNG-DAO LEE INSTITUTE

training points

9.6 10.05 10.5
— O ®— kB
0.200 0.225 0.250
—® O ®— fC
11600 11700 11800
— @ *— Y

testing point:

A. Gavrikov (TDLI-SJTU)

QC&ML2026, 19/08/2026



Some results: spectra modelling

Example with NFDE:

9.6 10.05 10.5
A 7\ N
@ O *—
Model provides spectra estimates for any kB
continuous values of the parameters 0.200 0.225 0.250
A V. N
@ O ®— fC
Accurate interpolation. Model’s outputs 11600 11700 11800
are smooth and denoised — @ o— Y
,>.—:. 102E: ] L] | | L] 1 L] L] | | I 1 I I 1 | 1 | 1 1 | I I I 1 1 I? 101 E L] 1 | 1 L] 1 | L] I I | I | | | | | | 1 | I I 1 1 1 I 1 1
N : [Gamma sources] — JUNOSW 137Cs 3 F [Neutron sources] — JUNOSW 241l Am—Be
w2 Lot - --- NFDE 40K A i --- NFDE 241 Am=13C
v 3 80co § 0
~x F N . 1 10%F [ 5
— = |1' ‘l‘ ’,’ \\ (-\‘ - E 1 t E
v ol i I ! \ ] C 1 ]
Q 10 l' = l, ‘l .l" 1 3 - | | P ™ T
= | 1 o I 1 3 _ | £ ™%
= /o { \ / | { 10 ! E i / N |
.. g { f A J 1 . E f / Il 3
42‘ 10_1 X P \ Fi Lo e = L ] | C /..l ‘‘‘‘‘‘ T k 't 3
@ A L T - S 3 i yaf ik f % ]
C ) ,I ‘l tl . 5 Il/ 'h,_\\ ’I ‘\
v -2 | 't i A 10 = ’ 1 Ty \
-O. 10 1 TR 1 \ E A \\\
Q  E|IFREET ; ) 3 LAl I
o] 21 1 - Iy \
E 10—3 “l 1 iy [ IS Y T T T | Il|lI I N N N N TN T T | Ill. 1 |- 10—3 | PSS I CO I N N I AN T N N MY TROA MO MO S T TN S M oo | | |\\?"'-|--'+-.
1 2 3 4 5 2 4 6 8 10 12 14

Number of photo-electrons: N, .. / 10°

A. Gavrikov, A. Serafini, D. Dolzhikov et al., Commun Phys 9, 63 (2026)

A. Gavrikov (TDLI-SJTU)

Number of photo-electrons: N, .. / 103

QC&ML2026, 19/08/2026



/ T v, a

TSUNG-DAO LEE INSTITUTE

Some results: parameter estimation

kg = 10.13+926

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

Example with NFDE:
» Combined fit on all sources together
» Cost function: Extended unbinned likelihood (NFDE)

» Optimizer: Nested Sampling (ultranest)*

I
1
1
1
1
1
1
1
1
1
1
|
1
1
1
|
LA

- Estimate the kB, fC, LY best parameters

f- = 0.238+9923
LI}
|
1
1

- Explores full phase space, provides full posterior

- Shows correlations between the parameters

fc
o, o0 0 _ 0
% % Yo Y
T
I A L1l

Parameters estimation combined: NS T P L Y = 11701+2
) LI N N I N O O O A |lll|lll|1.l|llll|llllll_lllllll
> kB:10.13 +0.26 | 10.05 [g/cm?/GeV] %QQ = - A
L 1
> fC:0.238 + 0.029 | 0.225 ;\?’6@ s ; |
» LY: 11701 + 23 11700 [1/MeV] '>,\,'\',\°E / :
= i
: \ Y oF . !
- well within 10 (fluctuations expected for 1 fit) \/6,,0 - i
% C ] ]
*all fits performed with Minuit, MCMC, Nested S s o 'q'/' . i
Sampling (ultranest) = consistent results '\"\' 9 O ,\9' ,\9'
A. Gavrikov, A. Serafini, D. Dolzhikov et al., Commun Phys 9, 63 (2026) kg [Q - cm™2- Gev_l]

A. Gavrikov (TDLI-SJTU) QC&ML2026, 19/08/2026
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Some results: parameter estimation

Example with NFDE:

> Combined fit on all sources together L 1.00

» Cost function: Extended unbinned likelihood (NFDE) 0.75
| >
» Optimizer: Nested Sampling (ultranest)* 0.50 f
) c
- Estimate the kB, fC, LY best parameters - .g
0.25 &
- Explores full phase space, provides full posterior - D
O
-> Shows correlations between the parameters i 0.00 g
: . . —-0.25 ‘E
Parameters estimation combined: 1 I o
> kB:10.13 +0.26 | 10.05 [g/cm?/GeV] —0.50 g
» fC:0.238 +0.029| 0.225 - S

» LY: 11701 £+ 23 11700 [1/MeV] I—0.75

- well within 10 (fluctuations expected for 1 fit) ke fr Y N. N> Ns Na Ne —1.00

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

A. Gavrikov, A. Serafini, D. Dolzhikov et al., Commun Phys 9, 63 (2026)

A. Gavrikov (TDLI-SJTU) QC&ML2026, 19/08/2026
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Evaluate ML-driven systematic uncertainty

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

» 1000 datasets with different MC generator seed per each exposure

5'm3[e exposuUre point 4000 sits resulis
:Ezﬁt kP SC LY bios

MCMC ¢t
.S- ‘fA"{a\
—

D2  MMCst ] 6

_— pJ

best cit values
varience

™~
O /

© MCMC 4ut f*mo 6. uncertainties estimated by the fit can be compared
B with the actual variability of the best fit values

: DAoco

A. Gavrikov, A. Serafini, D. Dolzhikov et al., Commun Phys 9, 63 (2026)

A. Gavrikov (TDLI-SJTU) QC&ML2026, 19/08/2026




Evaluate ML-driven systematic uncertainty
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To perform systematic uncertainty estimation analysis, we use the testing dataset 2:

1.5

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

» 1000 datasets with different MC generator seed per each exposure

1.0t
0.5}

0.0}

- Estimated uncertainty matches observed variability - - _m--- Estimated Stat. Unc.
(] Observed Std. Dev.
_I p I_\ T T T T T T T T ] 0.15 _I . _L T T T T T T T T ] T .‘L _\__I T T T T T T T 7 T
~ | NFDE, k; | - [NFDE, f¢ | ] 1001 'NFDE, Y| i
5 5 ; 0.10:— . _ CEL
Trae - ] "'“-u_,_%__‘! ] 50 TEeo_
g . 0.05] 1 - I e
s S L e S 1T i T .
e e rrrerrer e csaasasszma st . . T ] L 0.00 I . . . :_.. % 0 I S
- e ] I [ -] = [ ) -
. T 1 -0.05f I ]~ A
P ] L ] -50F x
- [ ET ] I
~0.10} . - f
_I 1 1 1 1 1 1 1 1 Ll 1 : :I | 1 1 1 1 1 1 1 1| 1 _100 -_I | 1 1 1 1 1 1 1 1|
10° 10 =0.159¢3 10 10° 10
Statistical exposure level N Statistical exposure level N Statistical exposure level N

A. Gavrikov, A. Serafini, D. Dolzhikov et al., Commun Phys 9, 63 (2026)

A. Gavrikov (TDLI-SJTU) QC&ML2026, 19/08/2026




Estimation of ML-driven systematic bias
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Using the testing dataset 1, one can check the bias across different points:
» Run MCMC fits per each testing point of the dataset
» Compare bias with the uncertainty obtained by the previous analysis for the 10k exposure point

- Observed biases are well within the uncertainty )
——m—— Observed bias

(] statunc.

100:: RIS B '1. LENNL L B N B B B B S B S B D B B B B D B B B | IE OOS__| T T T Ly T T T ] :| LI L LRI L L B B B L B .:
- | NFDE, ks : - | NFDE, fc _ 60} NFDE, Y | :
0.75F . 0.06f . i ]
o i ] i ] 40r .
1 L ] L
> 0.50f : 0.04F ] :
©Q 0.25¢ 1 0.02f 15 20f ;
ri'l E E U L ‘Wh‘ ] E S
g U.OOE—.__Wg“a 0.00_— 7] E. O 7
5‘0-255 —0.02F 135200 ]
©—0.50f 1 —=0.04f .
~ i ] i ] . ]
= : : —40
-0.75F 1 =0.06 .
. ] i 1 —60f .
—-1.00f 1 —0.08¢ ] i ]
75 10.0 12,5 15.0 17.5 20.0 22.5 0.0 0.2 0.4 0.6 0.8 8.0 85 9.0 9.5 10.0 105 11.0 11.5
kg [g-cm™2:GeV™1] fc Y [MeV™!] x103

A. Gavrikov, A. Serafini, D. Dolzhikov et al., Commun Phys 9, 63 (2026)

A. Gavrikov (TDLI-SJTU) QC&ML2026, 19/08/2026



TEDE vs. NFDE (uncertainty)

é
'T'_| 1.0 &- . -
> F T . |
S ost T o :
D — ) -
g _____ PR 1
05 o |
2 o |
_@_1.0:-1" E
—-1.5F A
’ 2 5 10 35
Statistical exposure level N %103
TH 1.0F & |
3 L - |
S osf 0 T - |
A — |
05 o |
= g |
_:?_I.O;f """ E
—-1.5F |
’ 2 e oeure 35

—— Median bias over 1000 fits

Statistical exposure level N x103

A. Gavrikov, A. Serafini, D. Dolzhikov et al., Commun Phys 9, 63 (2026)

A. Gavrikov (TDLI-SJTU)
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Best-fit 1o variability over 1000 fits -4~ Median uncertainty over 1000 fits
0.15p~ : ; — , '
0.10} 1 -
B ~.
A : — 50F TE b
0.05f Tt 1 = e,
T — . % B — .
W Oloo:_..,,,__.._.ﬁ- —o— e ;._ s O |- rererrreeee ~ ° —-_:.._
e N > e - ]
—0.05¢ " i< 1
T -50t e 1
o =
—0.10¢ .
O 15: 1 L L PR S S | L L _100_ 1 n " PR S | L n i
gl 2 5 10 25 1 2 5 10 25
Statistical exposure level N x103 Statistical exposure level N x103
0.15 T T T T T T T TT T T T T T T T T
0.10} ] 5
L .
i e 50F e 1
0.05f Tt . I —
T —— . % Te— .
W 0.00 _._._,___..—a - » --T_:_ s 0] T S ~ a ”_:_
i T - S e ——
—0.05¢ — 1< [
Sy ’ -50f el 1
~0.10} ] ¥
O 15: 1 L L R S T | L L _100- 1 n n P S S | L n i
e 1 2 5 10 25 1 2 5 10 25
Statistical exposure level N x103 Statistical exposure level N x103

QC&ML2026, 19/08/2026
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TEDE vs. NFDE (bias)

Median bias over 100 fits 1-2-30
T T T T T T ] 0.10: T T T T ] :I T T :
TEDE, kg ] | | TEDE, fc [ |TEDE, Y ]
L 005k | sof :
v 0.5¢ T —_ :
O i ~ 25} ]
r\IJ ] 8] :% %J ‘
@) 1 L L
: ] S »
2-0.5 : Sl 7
& —0.05¢ 1 _so ]
< :
-1.0 - -75F ]
1 L L 1 L L Ll L PR 1 L 1 1 1 1 1 1 L L 1 L L L L L a3 1 i _0'10: L L 1 1 1 L 1 1 L 1 1 L L 1 L 1 L 1 -| VI L 1 L L 1 1 1 L 1 1 L 1 1 L 1 1
7.5 10.0 12.5 15.0 17.5 20.0 22.5 0.0 0.2 0.4 0.6 0.8 8.0 9.0 10.0 11.0 3
kg [g-cm~2:-GeV™1] fc Y [MeV~1] x10
L WL T LA B B B R T T i 0.101 T T T T T T T T T T T T T _' :I T T T T T T T T T T T T T ]
NFDE, kg ] | | NFDE, f¢ [ | NFDE, Y ]
Lot ] : 75| ;
H'> 0.05} | 5% ]
v 0.5} ! — I
O ] [ T 25 ]
¥ 1 . : > | ;
Ofee——— e " . -‘\"W\r—'*‘—‘- P }
c 0.0 ¥ 0.00f 2 o _
@) 1 L L i
: ; P , ]
2 o5 i <]—25_- 1
N ' —0.05: . sof ]
< [
—1.0 ! -75F ]
L L L L L L il L L n 1 L n 1 L L L L L L L L L L 1 e _0'10: " L 1 " L 1 L " L L L L " -| -I L " L 1 " L L 1 L " " 1
7.5 10.0 125 15.0 17.5 20.0 22.5 0.0 0.2 0.4 0.6 0.8 8.0 9.0 10.0 11.0 3
kg [g-cm~2-GeV™!] fc Y [MeV~1] x 10

A. Gavrikov, A. Serafini, D. Dolzhikov et al., Commun Phys 9, 63 (2026)

A. Gavrikov (TDLI-SJTU) QC&ML2026, 19/08/2026
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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

A. Gavrikov (TDLI-SJTU) QC&ML2026, 19/08/2026
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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

A. Gavrikov (TDLI-SJTU) QC&ML2026, 19/08/2026
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* 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

s 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

X/

% Key Achievements:

» our models successfully learn the complex, non-linear energy response of the JUNO detector MC,
including the strong correlations between kg, f- 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/+/N

—> possible to achieve <1% systematics

A. Gavrikov (TDLI-SJTU) QC&ML2026, 19/08/2026



Summary TSUNG-DAO LEE INSTITUTE
* 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

s 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

X/

% Key Achievements:

» our models successfully learn the complex, non-linear energy response of the JUNO detector MC,
including the strong correlations between kg, f- 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/+/N

—> possible to achieve <1% systematics
+ The approach itself is detector-agnostic and can be applied in other experiments to solve similar problems

+» Ongoing work: neural scaling laws for optimizing the simulation budgets & implementation and validation of the

approach within the experiment

A. Gavrikov (TDLI-SJTU) QC&ML2026, 19/08/2026
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Normalizing flows-based density estimation &7 rounc-Dao L Instirure
x: input data
+* Normalizing flows [1]: P N
» Generative machine learning model Z = /L\,-\
» Aims to explicitly model a density estimation f N\ f-1 —/ ~
7
» Can be generalized for modeling a conditional density (2 V 1(z) R(Zﬂ
LX) ZN
estimation as well .5 3
- A 3 &
» To obtain a value from the target distribution: ]‘E (zi) \% ]E(z;) % E
3 2
o sample avalue from the base distribution and passing it Z = J\/ g’ <
N =
through all the flows N\ -1 s =
fi"{ (Zi) \F fi"‘ (ZH) 4 g a
z~ R(z) = S
I\ -1
)ﬁ(z‘) ]ﬁ (zo) N
V
Zs =p
N
7
z~R(z)\=N01 I

[1]1R. J. Rezende et al, arxiv: 1505.05770
A. Gavrikov (TDLI-SJTU) QC&ML2026, 19/08/2026




Normalizing flows-based density estimation

X: input data

/

% Normalizing flows [1]:
» Generative machine learning model
» Aims to explicitly model a density estimation
» Can be generalized for modeling a conditional density
estimation as well
» To obtain a value from the target distribution:
o 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

+» Each transformation is called Flow and must be invertible

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

QC&ML2026, 19/08/2026
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Normalizing flows-based density estimation &7 Tsunc-Dao L Insmrrurs
+* Normalizing flows [1]: X: input data N - A\
» Transformations can be very diverse as long as they follow the Z« = /L\,-\
invertibility condition f N f-1 —/ ~
r 4
» Planar flow: 1(z \ 1(24
z~R(z) _
o fo(z) = z + ugtanh (xwg + by) o
i\ - A 5 o
fd || fe I
iy 2
z = /\ HIE
A\ -1 = o
ie) [T fed R {IME
o =
z~R(z)  Z||]|3

I\ -1
)f\ (21) ]ﬁ (Zo) I\

V

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

A. Gavrikov (TDLI-SJTU) QC&ML2026, 19/08/2026
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Normalizing flows-based density estimation 8 1sunc DaoLew InsTrrur
+* Normalizing flows [1]: X: input data N
» Transformations can be very diverse as long as they follow the Zx = /L\,-\
invertibility condition N -1 —/ ~
» Planar flow: JE (=24 A% ]E (2 P g
o fo(z) = z + ugtanh (zwy + by) /\ _1 2 e 2]
o where parameters ug,wg, bg are parametrized by neural ]‘E (z) \% ]E(Z:) N
networks to include the conditions (MC parameters + source Zi =5
type): conditional probability ]1{:1 (2) \//\ fi,;zzi..) S
z~ R(z)
-1
)E\ (z) \//\ ]f, (z,) N
Z =)
S

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

A. Gavrikov (TDLI-SJTU) QC&ML2026, 19/08/2026
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. X: input data AN
+* Normalizing flows [1]: - A\
» Transformations can be very diverse as long as they follow the Z« = /L\,-\
invertibility condition f N f-1 —/ ~
7
» Planar flow: 1(z \Z 1(24
z~R(z) _
o fg(m) = 2 + ugtanh (xw,g + E}E) A 1 2 @
¥ (] o
o where parameters ug, wg, by are parametrized by neural ]‘E (z) \/ ]E(Z:) N % E
z 2
networks to include the conditions (MC parameters + source Zi =5 j\/ =) <
‘N =
type): conditional probability N\ - = =
| | Faz) [T fiza > Bl ||z
¢ How to perform the inference with the model? y/ 2 P(Za) 19 =
oo L i = 3
N\ -1
Jf\(ZJ ]ﬁ (Zo) I\
V
Zs =p
N
7
z.~R(z\=n#01 [

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

A. Gavrikov (TDLI-SJTU) QC&ML2026, 19/08/2026
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Normalizing flows-based density estimation 877/ TsUNG Do LEE INSTITUTE
o x: input data AN
¢ Normalizing flows [1]: A\
» Transformations can be very diverse as long as they follow the Z = /L\,-\
invertibility condition )C I\ ](-1 —/ ~
7
y 4
> Planar flow: (2 V 1(z) 2~ R(Z)
o fo(z) = z + ugtanh (zwg + by) "/.\ 1 é E
¥ (] o
o where parameters ug, ws, bg are parametrized by neural ]‘E (Zu) \/ ]E(Z;) N % E
z 2
networks to include the conditions (MC parameters + source Z = 5 s
N =
type): conditional probability N\ - <~ ® =
: . ]‘i:ﬂ (z3) f,, (zw) 7 £ 3
< How to perform the inference with the model? Vv 3 =
H 1 T Z|N Pi(ZI) = >
~,  dfre(2k) dfx ox () A
E k F K
— [\
logp(ely) =logp(zo) + 3 log = == +log === f(a) || At /
Zs =p
Data MC parameters +
source type well-known Computed based on the >
(e.g. standard learned transformations
Gaussian) Zo~ E(Z"\ - N(OJI) YV U

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

A. Gavrikov (TDLI-SJTU) QC&ML2026, 19/08/2026
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Training and validation of the models

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

» Asvalidation metrics we use p-norm distances between distributions' CDFs:
1

d (F F ) . (f+m |F (:E} F (:L} P dm) » p = 1: Wasserstein distance
pi\tustv) — u - 4w

p =2: Cramer von Mises distance

e8] q q
p -> : Kolmogorov-Smirnov distance

as itis applicable for both TEDE and NFDE cases

© T T T T T T T T | T T T T T T T T T T T T T T T T

>y

S 10-2L —— TEDE

2 ;

© P .

+ a A early stopping patience i -
0.0026 l¢ >

% 10—3 1 1 | | 1 L 1 | = 1 1 1 | | 1 1 1 1 | 1 1 1 1 | L L L L 1 i L

i 0 50 100 150 200 250 300

é T T T T T T T | T T T T T T T T T T T | T T T

g 10—2 E — NFDE ?

> C i

R AL LA P

E -3 L 1 L L L E i

G 10 0 200 400 600 800 1000 1200

Training epoch
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Learned dependences

fe=0.5, Y= 10% [MeV~!] ks =15.0 [g-cm~2+GeV~1], Y=10% [MeV~!] ks =15.0 [g-cm™2 GeV~l], f- =0.5 .
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Some results: spectra modelling

Example with TEDE: 9.6 10.05 10.5
@ O *—
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Hyperparameter optimization

Hyperparameters

| TEDE

Model architecture hyperparameters

Ntokens

dmodel

. TEDE
Nayers

de

Dropout rate

Activation function [114, 199-201]

Softmax temperature

(klkeN.1<k<5}: 1

{50k | k e N,1 <k <10}: 100
(5.10,25): 10
(k|keN,1<k<5}: 4

32k |k eN.1< k< 15): 384
{Parep 1 0.0 < parop < 0.5}: 0.0
RelU, GeLU

(T]0.25< T <3.0}:2.08

Hyperparameters

NFDE

Model architecture hyperparameters

Nfows

NFDE

Flow type
Activation function [114, 199-201]

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

ReLU, GeLU, Tanh, SiLU

General training hyperparameters

General training hyperparameters

Optimizer [115, 202]
Learning rate
Scheduler type [203, 204]

Weight decay

Batch size

AdamW, RMSprop

1075 <np<1072}:1.9x 1073

Exponential, ReduceOnPlateau,
CosineAnnealing, None

A]1078 <A <1071}: 8x 1075
{2F | ke N4 <k <9}: 64

Optimizer [115, 202]
Learning rate

Scheduler type [203, 204]
Weight decay

Batch size

AdamW (fixed)

10~* (fixed)

ReduceOnPlateau, CosineAnnealing
1074 (fixed)

50 (fixed, 1 per CPU unit)

Optimizer-specific hyperparameters

Optimizer-specific hyperparameters

AdamW decay rate /3
AdamW decay rate 3o

RMSprop parameter «

{61 ]0.5< 5 < 0.95): 0.930
(2] 0.0 < By < 0,999} : 0.929
{a]09<a<0.999}: —

AdamW decay rate /3
AdamW decay rate /%

{_31 ‘ 0.5 <5 < [:].95}2 0.87
{521 0.9 < B35 < 0.999}: 0.901

Scheduler-specific hyperparameters

Scheduler-specific hyperparameters

Cosine annealing period 1},

Reduce on plateau factor ~

{Tnmx | 5 < 'Tmux < 73} 50
{7108 <~+<0.99}: —

Optimization procedure setting

Cosine annealing period T,ax {Tmax | 5 < Tipaxe < 75} —
Exponential rate 7 {708 <7<0.99}: 092
Reduce on plateau factor ~ {7108 <~ <0.99}: —
Optimization procedure setting

Number of trials 250

Accelerator GPU

Number of trials

Accelerator

25
50 parallel CPUs
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