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> First-principles precision simulations, accurate, expensive and slow
> Need more simulated data than recorded data

> Higher-rate experiments — need more and more precise simulation



Particle PhySiCS Simulation Forecasting Amplification
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@® MC simulation @ MC reconstruction > MC event generation
@® Analysis @® Group production @ Data processing
® Other Year

> Simulation cost is computational bottleneck for future HEP experiments

» Need accelerated methods

Al-Turany et. al. JENA Computing Initiative WP2 Report: Software and Heterogeneous Architectures, 2503.09213
Catmore et. al. ATLAS HL-LHC Computing Conceptual Design Report, CERN-LHCC-2020-015 ; LHCC-G-1/8



https://cds.cern.ch/record/2729668
https://arxiv.org/abs/2503.09213
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> Series of conditional densities, approximate with conditional generative networks

> Faster, more efficient, leverage data



Generative Simulation Forecasting Amplification

Fast simulation
» Train on simulated data

> Sample from generative network

» Faster than classical simulation

» GAN

» Normalizing tlow
z ~ N(0,1)

» Diffusion models

» Autoregressive transformers



Al Uncertainties Forecasting Amplification

Physics needs uncertainty estimates

ML uncertainty quantification:

Ensemble of networks

> Heteroscedastic losses, repulsive o
: 0.8
ensemble, bayesian neural networks - 4 (x@l) )\
BNN O Omodel(®1) Output
. /\q(a)) é\& 03 L
> Transferable to generative models A A4 03O0 W =13 Fw)
with likelihood losses . /. outpu] [ x |— (f“”z) )>> p ;%02 o)
model\@2 model N & model*
2 =iN — ()
> Bayesian normalizing flows \ 04 405 300 =y 24 )
— K(C')3)
” (Gmodel(a)3))/

> Uncertainty on density estimation

Butter et. al. Know What You Don't Flow, 2608.21509



https://arxiv.org/abs/2608.21509

Al Uncertainties Forecasting Amplification

What uncertainty is learned?

» For Generative models: 10°:
| Ostar O 1/\/ Ngen
» Statistical uncertainty ot —y
> Scales o
v/ Tlgen S 107
. . . : O model ©< 1/ v/ Mtrain
> Infinitely reducible -
10_3g
> Generalization uncertainty 6,,,4c1 |
b 10—4- T e e e e e et}
» Scales 100 102 10 10* 105 10° 107 10
\/ntra,in ngen

> [rreducible by sampling
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Al Uncertainties Forecasting Amplification

Generalization uncertainty

——Data
> Most applications: Simulation
> Inference data # training data
> Extrapolation outside training \
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Generalization uncertainty

> Most applications:

> Inference data # training data

> Extrapolation outside training

» Generative modeling:

> Extrapolation in resolution

.————————X—-——————-————_—




12

Al Uncertainties Forecasting Amplification

Fundamental question
> What happens if | exceed the training resolution?

» How many points Ngen can | draw?

» Generative simulation assumes Ngen > Nirain

> |s this really true?

“If | train a model on 1 million data points,
how many can | draw from that model?”
—Louis Lyons

X
X

— Amplification
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Am P lification Forecasting Amplification

How many generative points can | sample from the model?

2 2 2
O-gen — OUmodel + Ostat 10°-
O stat OC 1/\/ Ngen
Omodel > Ostat - NEW points stop being useful o
! ]
O-Stat (n) — O-m()de]. glo_z_
N=—MNequiv O model ©< 1/m

Nequiv: size of true data set with same stat.
. . . . 1073+
uncertainty as generalization uncertainty |
10~

10! 102 103 104 10° 10 107 108
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Am P lification Forecasting Amplification

How many generative points can | sample from the model?

2 2 2
Ogen — Ymodel T Ostat 10°-
O stat O 1/\/ ngen
Omodel > Ostat - NEW points stop being useful o -
; : >.
! | ’ i
Ostat (n) — Omodel §10‘2: i i
n:nequiv i i O model o< 1/V Mirain
Nequiv: size of true data set with same stat. i i
. . . . 1073 - : :
uncertainty as generalization uncertainty 5 ; ;
: i Mirain i nequiv
Nequiv < Mtrain © No Amphflcatlon 00T 102 106 10105 106 107 108

Nequiv > Ntrain

: Amplification

O — Neqiv
" ngain - Amplitication factor
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Qua ntifyi ng Am P lification Forecasting Amplification

Example: Gaussian Ring Radius : .
10—l : 2D combined
> P‘Ot O-gen i Gestimate —_— 7.0
. . ! Giye = 5.1
> Get Ostat (1) from falling section N rrue
> Get Omodel from asymptoticpart | [ i et et o
10 { 7 Ogen, est | _'
| - |
Ostat (TL) — Omodel | Ugen, true |
N=MNequiv :
" | 7 O model |
_ Tleqiv :
G — -3 o Ustat N P
Ntrain 107 ' I'ltrain
> Estimated G agrees with truth 10! 102 102 10* 10° 10
Moen

Bahl et al. Forecasting Generative Amplification 2509.08048



https://arxiv.org/abs/2509.08048
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Qua ntifyi ng Am P lification Forecasting Amplification

How to get Ogen ?
» Uncertainty quantification?
> Only Omodel NOt Ogtat

— Need metric M [Dgen,ptrue] agreement (generated) set vs. true density

~ n
M Dtrueaptrue ~ Ogtat M Dgenaptrue —> Omodel

" IMgen—>00

Ostat (n)

Dtrue7 Ptrue
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Known Ptrue

» Explicit » Holdout set

FE .
| 10 quantiles Dis - vis

0.1 100 data point '

0.080 ata points 1071 ; I
s 0.060: : 1k e e
= 0.040° GAN : /7 o 0k
AR e
z { 200 T S RN I S— ;

o0 0202 300 10-4 218k validation
| 500 showers
e /L / "‘1,:,;-.11-" : , Ge ant4
0.010{ 1000 1074/ —— VAE-GAN
umber GANed 4 16 64 256 1k 4k 16k
nquant

» Past amplitication results, proof of principle, hard to apply in practice

Butter et al. GANplitying Event Samples 2008.06545 Bieringer et al. Calomplification 2202.07352



https://arxiv.org/abs/2202.07352
https://arxiv.org/abs/2008.06545
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Quantlfylng Ampllflcat|0n Forecasting Amplification
First Metric: Averaging Amplification I
10_1-i"'-._LL|1 1 tt+4jets
> Fractions inside phase space region V 10_25 N
I:/ dT Pirue(T) §10_3-§ E E
v | — L-GATr )
— 1 10—4_; — test : i
I'= " Z lzev | — train ik
et :UEDgegr?n 10—5- | | | : : I_\ﬂ-ﬂlﬂ.—
> Expected difference as metric = T
© 0 #—MQIMF;?J_ET - I'IE J‘!=
T 2 E !
M; [D gggn,ptrue] = ([ (ptrue) = I(D gegﬁn)] ) 105 10 15 20 25 3.0

m,; [TeV]
» Estimate this variance via BNN

Bahl et al. Forecasting Generative Amplification 2509.08048



https://arxiv.org/abs/2509.08048
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Qua ntifyi ng Am P lification Forecasting Amplification

Example: Di-Top + 4 jet events

tt +4j, hich-m.- bin
N J, el G, = 2.3
1074y G., = 12.0
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Bahl et al. Forecasting Generative Amplification 2509.08048



https://arxiv.org/abs/2509.08048
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Qua ntifyi ng Am P lification Forecasting Amplification

Second Metric: Differential Amplification

» Approximate unknown distribution with data sample

n Ntrain ~ n . Ntrain
M[ true’ ~true ] et M[Dtrumptl“ue] with Dy’ ~ Ptrue

true

1
Ngen Ntrain | ~u Ngen :I
M[Dgen 7Dtrue ] NM[Dgen y Ptrue 508 ________________________________________________________________________
=0
@®
» Use two sample Kolmogorov Smirnov test S e
Y] S
» Has analytical expectation value z .
S , . .
= s ; s
1 n-+m L S L R :
Mg | Dy; cel) = 4/ = log(2 \/
< [ true’ true]> 9 ( ) nm, : . r
4 -2 0 2 4
X

Bahl et al. Forecasting Generative Amplification 2509.08048



https://arxiv.org/abs/2509.08048
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Quantlfylng Ampllflcatlon Forecasting Amplification
asympotic KS
’ network
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Bahl et al. Forecasting Generative Amplification 2509.08048



https://arxiv.org/abs/2509.08048

Quantifying Amplification

Forecasting Amplification

Example: Di-Top + 4 jet events with both methods

tt +4j, high-m,; bin

e Transf. i
* LLoCa-TIr. i T
_ * L-GAlr i Mirain o~
10° EIGI T i0
ngen

tt + 4 jets, high-m,; bin

e aaeECTEEEE

train

--®-- Transf.
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10° 101 107 10°
ngen
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Bahl et al. Forecasting Generative Amplification 2509.08048



https://arxiv.org/abs/2509.08048
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Conclusion Forecasting Amplification

» Amplification Investigation
> Generative networks can sample beyond training data
> Quantity by how much

> Core to generative uncertainties

» Enables generative approaches in HEP
> Amplification key for generative simulations

> Simulation-based inference, generative unfolding need uncertainties
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Conclusion Forecasting Amplification

» ML methods bring unprecedented precision

> LHC environment highly complex

> 1tH, CP violation measurements impossible without

> Directly enabled by ML

» Fundamental physics understanding

> 1tH: early universe Higgs potential

> CP violation: matter-antimatter asymmetry, baryogenesis
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