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Simulation chain for LHC physics

theory
Lagrangian

partonic
hard-scattering

process

parton
showering via
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simulated
events

forward simulation

inverse simulation (unfolding)

generative networks accelerate simulation chain and encode phase space density pθ (x)

but what is the uncertainty on the density a generative network encodes?
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Two uncertainty-aware normalizing flows

Bayesian NF (BNF)

LBNF = DKL[qφ(θ), p(θ )]− 
log pθ (Dtrain)
�

qφ

θ ∼ qφ(θ) =⇒ σ2
stat(x) = Varθ |Dtrain

�
pθ (x)
�

learns variational posterior qφ(θ ) over
network weights instead of fixed values

sampling from learned weight
distributions provides uncertainty

expected to capture statistical
uncertainty (defined as vanishing
in limit of infinite training data)

Heteroscedastic NF (HNF)

LHNF =

®
[pθ (x)− ptruth(x)]

2

2σ2
syst(x)

+ logσsyst(x)

¸

Dtrain

NF predicting density pθ (x) and
MLP predicting uncertainty σsyst(x),
trained jointly

expected to capture systematic
uncertainty (defined as not vanishing
in limit of infinite training data)

needs explicit target density ptruth(x)
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Toy model — statistical uncertainty
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Ntrain

2D wedge ramp p(x1, x2) = 2x1,
density known exactly

vary training dataset size Ntrain

BNF uncertainty σstat(x)
vanishes with more data

σstat(x)∝
1p

Ntrain

HNF uncertainty σsyst(x) stays
flat in training dataset size Ntrain
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Toy model — systematics from noisy data
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σsyst = σsmear

BNF σstat

constant

controlled systematic:
inject relative Gaussian noise into
target density, fsmear = 0.25 . . . 10%

σsmear(x) = fsmear × ptruth(x)

HNF uncertainty σsyst(x) tracks
injected target noise perfectly

BNF uncertainty σstat(x)
does not capture noise
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Is the learned uncertainty calibrated?

Pull distribution

ttruth(x) =
pθ (x)− ptruth(x)
σsyst(x)

calibrated Gaussian uncertainty:
pull distribution follows standard
Gaussian N (0,1)
width > 1: σsyst(x) underestimated
width < 1: σsyst(x) overestimated

Empirical coverage

cγ =
¬
1
�
PGauss(ptruth | pθ ,σsyst)> 1− γ�

¶
Dtest

fraction of test points for which
ptruth(x) falls within network’s
γ-confidence region around pθ (x)
calibrated: empirical coverage cγ
equals nominal coverage γ (diagonal)
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Toy model — local and global uncertainty calibration
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slices along x1, fsmear = 10 %
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all N (0, 1)

pull ttruth(x) for fsmear = 10% in five slices along x1,
from low to high density, and over the full phase space

standard Gaussian pulls in every slice — calibrated globally and locally
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Toy model — systematics from learning rate
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0.019×pη

stochastic optimization process
in network training leads to
noisy network predictions

noise on prediction,
just like noise on target

captured by HNF uncertainty σsyst(x)

min
x
σsyst(x)∝pη

no noise injected by hand —
network reports its own training noise
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No explicit likelihood? Build one...
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ptruth

pexpl

pexpl × C/(1− C)
pθ

statistics-motivated pexpl

Problem: heteroscedastic loss needs ptruth(x)
— realistic LHC problems do not have it

Uncertainty-aware HNF training:

1. train approximate explicit density
pexpl(x), here: NF undertrained on
half the data, only 100 steps

2. train classifier C(x)
between pexpl(x) and data

3. reweight — Neyman–Pearson,
likelihood ratio trick [arXiv:1506.02169, arXiv:2009.03796]

pexpl(x)×
C(x)

1− C(x)
≈ ptruth(x)

4. train HNF setup on this explicit target

http://arxiv.org/abs/1506.02169
http://arxiv.org/abs/2009.03796
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Physics example — top pair production
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physics benchmark:
g g → t t̄ → (be+ν)(b̄e−ν̄)
top pair production with leptonic decays,
16-dim. phase space

classifier reweighting repairs tails,
and HNF follows its target at
percent level
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Uncertainty calibration — pull distributions
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statistics-motivated pexpl

invariant mass of the t t̄ pair polar angle of e+ in W+ rest frame

learned systematic uncertainty is well-calibrated globally and locally
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Uncertainty calibration — empirical coverage
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invariant mass of the t t̄ pair polar angle of e+ in W+ rest frame

learned systematic uncertainty is well-calibrated globally and locally



Know What You
Don’t Flow

Lorenz Vogel

Motivation

Uncertainty-aware
normalizing flows

Toy model

Top pair production

Nuisance parameters

12/14

Top pair production — systematics
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both toy-model scalings survive the realistic LHC problem
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Nuisance parameters — conditional HNF
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top mass as nuisance parameter,
mt = 167,168, . . . , 179GeV

conditioning on nuisance parameters
is established [arXiv:2110.13632]

pexpl(x) trained on all top masses,
conditional classifier C(x |mt)
gives HNF target

pexpl(x)×
C(x |mt)

1− C(x |mt)

conditional HNF reproduces top
mass peaks and correlated observables

http://arxiv.org/abs/2110.13632
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Nuisance parameters — absorbed uncertainty

10−1 100

σm [GeV]

10−1

100

m
ed

ia
n
σ

sy
st

,m

σsyst

��
σm=0 = 0.215

HNF σsyst,m

1.013×σ0.873
m

new: train HNF on same target,
but without conditioning on mt

train unconditioned HNF
with noisy target density

pexpl(x)×
C(x |mt)

1− C(x |mt)

mt ∼ 173GeV+N (0,σm)

target looks noisy, and heteroscedastic
loss puts that spread into σsyst(x)
HNF absorbs varying top mass into
learned systematic uncertainty σsyst(x)



Thank you!
Summary

BNF learns statistical uncertainty,
vanishing with more training data

HNF learns systematic uncertainty, from noisy
targets and from its own training noise

classifier reweighting provides explicit target
density when no likelihood is available

learned systematics are well-calibrated

HNF absorbs nuisance parameters
into its systematic uncertainty
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