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Manuel Szewc

In this talk

Monte Carlo simulations are a fundamental
part of collider physics analyses.

Machine-Learning can enhance them to meet
the increasingly high demands experiments put
on simulations.

I'll talk about Hadronization and detail current
efforts of the MLHad collaboration towards a
data-driven hadronization model.

In particular, I'll tell you about HOMER, a recently
released model that builds explicitly upon Pythia
as a baseline for inductive bias and its
extension to arbitrary string configurations.
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https://arxiv.org/abs/2410.06342
https://arxiv.org/pdf/2503.05667

The Standard Model of Particle Physics

Standard Model of Elementary Particles

The Standa rd MOdel Of pa rtiC|e phySiCS threegelzfeerra;:;:ss;»fmatter interactio(r;é::r;;ecarriers
represents our understanding of (some of) N Y e
the most fundamental aspects of Nature. @ | © 0 |@® |
. up charm l top gluon ; higgs‘j
— -\ =N w
. ] g :jl7 MeV/c’ =93.5 MeV/c? =4.183 GeV/c? 3 Z
However, expgrlmental observat.lons (dark z | '@ | 3 ' ® 5
matter, neutrino masses and gravity,...) and 2L "°WLLS"‘='"96 l photon §
. . . =0.511 MeV/c ) =105.66 M V/c’ﬂ =1.77693 Ge! V/ W -;‘(
theoretical issues (6,.,problem, the Higgs ‘Ooll® e | s =
hierarchy problem,...) make clear the  electron l muon l tau || Zboson | 2y
I. .t t. f th SM 2 <0.8 eV/c? ) <0.17 MeV/c? ) <18.2 MeV/c? ) m zg
imitations of the SM. LY@ [® | 82
G g || i, | it | woson | 5

How do we explore the SM and beyond?

https://en.wikipedia.org/wiki/File:Standard Model of Elementary Parti
cles.svg
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Exploring by colliding

Colliders are among the most powerful tools we have to test and expand our
knowledge

e/p/Pb/.../
H

\

Information about the
building bricks of

Nat
e/o/Pbr.. \/ e

/ .
H Theory predictions +
https://www.bbc.com/ng\:lvsgszcience-environment-360 experimental analyses
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Monte Carlo-based strategies

We perform dedicated analyses with specific topologies in mind: e.g.
Vh—112b+MET. The simulation pipeline is fundamental to produce
expected events and infer from measured events.

Image from https://arxiv.org/pdf/2203.07460

Event generators

Theory scattering decay QCD shower fragmentation detectors

Y ) e[| 1| |2 1o 18

Statistical analysis
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ML for MC

ML is now very common in HEP. In particular, it has been used to enhance

MC generators in a multitude of ways. Today I'll talk about (some)
applications to fragmentation.

Image from https://arxiv.org/pdf/2203.07460

Theory scattering
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Event generators s talk!
.
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Hadronization at colliders

Image from Pythia 8.3 manual. oA
The radial coordinate is time or T
1/energy scale. %
.‘._ S Hard Interaction

. . °. ® Resonance Decays
Hard process .do. perturbatively ®. @ MECs, Matching & Merging
calculated, directly related to o [ /4
underlying lagrangian, describes 2o YT orn
partons hidden to experiment. HCR P21 s ‘o [ Weak Showers ]

Multiparton Interactions
Beam Remnants*
Strings
Ministrings / Clusters
Colour Reconnections
String Interactions
Bose-Einstein & Fermi-Dirac
Primary Hadrons

M Secondary Hadrons

Shower: perturbative evolution of
partons from hard to hadronization
scale, hidden to experiment.

Hadronization: combining partons
into measurable hadrons, non

perturbative — Empirical models. ® | %%e o° :ﬁ:ﬁﬁfmn i Sl
LA © Heavy Flavour (*:incoming lines are crossed)
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Hadronization empirical models

NE
Inherently non-perturbative process —
Empirical models for predictions. Two main :::D_ Y,
parametric models: the Lund String model < pQFT
(Pythia) and the Cluster model (Herwig).
Very successful, but at their limit: leading ﬂﬂ""\ Showers
uncertainties for some precision physics (e.g. T e—

m, and o, extractions)

Corners of phase space cannot be Here be
reproduced. Collective effects are tricky e.g. models
heavy baryon production at high event |
multiplicities as in arxiv:1807.11321.

Manuel Szewc Machine Learning for Hadronization



https://arxiv.org/abs/1807.11321

Hadronization empirical models

What makes our empirical models

SO

successful? Physics and time. There is a

built-in expertise that has been battle-tested

against experiments for 40+ years.

Lund String model: explain hadronization

~

kinematics in terms of the light cone
momentum fraction z and the transverse
momentum of the string break p..

Actual implementation is more complicated:
flavor, junctions, acceptance filters... Lots of
modelling tested against experiment

Manuel Szewc
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(E,p)

(E,-p) , (

(E,-p) @ ﬁv Dh)
D \@

%: Ep,p —Pn)

Lund String Model: Colored singlets
+ O(20) parameters — Hadrons

Simplified example from
arxiv:2203.04983 .
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https://arxiv.org/abs/2203.04983

Machine Learning to the rescue?

Complex problem with no full model flexible enough and where training is
expensive? — Machine Learning should be really useful here!

A lot of possible ways to attack this problem. The richness of the involved
physics forbids the use of any plug-and-play algorithms.

Two groups have recently tackled the subject: MLHAD (arxiv:2203.04983,
arxiv:2311.09296, arxiv:2410.06342, arxiv:2503.05667 ) and HADML
(arxiv:2203.12660, arxiv:2305.17169, arxiv:2312.08453). Different generators
(Pythia, Herwig) and different architectures (cSWAE,BNF,GNNs, GAN) with
different degrees of implementation.

Manuel Szewc Machine Learning for Hadronization 1
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Normalizing Flows for density learning

A generative model that learns how the data density relates to a simpler
base distribution. We learn the parameters of chosen invertible functions
that transform samples from the base distribution to the data distribution.

Less flexible but easier to train + access to the exact likelihood

. .fl(zO @ ‘fz Z; 1) @fz+1 zz

L

3 , Image from
NS ~7  https://lilianweng.qithub.io/posts/2018-10-13-flow-

~ -

models/

Zg ~ Po(zo) z; ~ pi(zi) Zg ~ pK(ZK)

Manuel Szewc Machine Learning for Hadronization
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https://arxiv.org/abs/1505.05770
https://lilianweng.github.io/posts/2018-10-13-flow-models/
https://lilianweng.github.io/posts/2018-10-13-flow-models/

Normalizing Flows for the Lund fragmentation function

First instinct: learn the
fragmentation pdf from data.

Explored in arxiv:2311.09296, first
hadronization pseudo-data with
only pions and x = (p,,p;)-

The NF learns the appropriate Lund
distribution with its complicated
relation between m_and p..

1 0.030
1 0.025
| 0.020
| 0.015
| 0.010
| 0.005
[ 0.000

1ty

Dens

0.0 oo 04 gg
P (GeV)

arxiv:2311.09296
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Normalizing Flows for the Lund fragmentation function

Works for a simple example with
access to individual fragmentations —
Very much not like real data. We
improve upon this with MAGIC (ask
me about it!)

1 0.030
1 0.025
| 0.020
| 0.015
| 0.010
| 0.005

1ty

Dens

Data is much more complicated than

our example— Maybe our NF needs i (‘)'2;)200
more information. We should learn i 0.27
from Pythia’'s 40+ years of model 00 02 07 o 039 o
building. P (Geyy o 10 P
arxiv:2311.09296
Manuel Szewc Machine Learning for Hadronization 14
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Learning a data-driven funetien reweighting

Use Pythia as a starting point and
fine-tune our model — take advantage
of subtleties of the Lund String

fragmentation model built into Pythia ~6x10°
by a dedicated effort of 40+ years! <

T 4x 10
Frame in terms of reweighting starting £ .
from the Lund string model. Weights
should be such that simulations and data i 18

indistinguishable at the measurable
level.

104 J

C z~ py(z)
L1 x~px)

1 @~ pola) + weights w = 2

0.0

Machine Learning for Hadronization
s
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Learning a data-driven funetien reweighting

We learn how the measurable =
quantities should look like, and o) 1 2 ~pil@)
. . . x ~ po(x) + wei s w = &)
obtain a fragmentation function it
reweighter that morphs simulated ol
. <

events accordingly. ED

q:) 4 x 10
M

Data-driven weights, data-driven 3% 10°

fragmentation function.
2 x 103
0.0 0.2 04 0.6 0.8 1.0
Feature of interest x (A.U.)
Manuel Szewc Machine Learning for Hadronization 16



Slight detour: Pythia Kinematic Reweighter

In arxiv:2308.13459, we introduced a way 03 ——25030.5=080  _  a=0765=098
to account for parametric variationson 2 [ %, 1T e Sne0%
the fragmentation model in Pythia. b . b . i Zv’_i
For pre-specified baseline hadronization L * I - . :
parameters and a set of alternative 0.1F = 1r - ;
choices, we produce a set of events = 3, I S ]
with associated weights. These weights 0.0 ket et e
can be used to reweight the events from  $25f 7777 'ﬁ- I IS '+ ]
"baseline" to any of the desired il 73 | A
"alternatives". R R
charge multiplicity charge multiplicity
Manuel Szewc Machine Learning for Hadronization 7
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° arxiv:2411.02194 by N. Heller, P.
° liten, T.M ,S.M , B.
More efficient tunes: RSA e T Menzo < renn

Youssef

Rejection Sampling with
Autodifferentiation. Applied to the Lund
fragmentation function as learnable
Pytorch module but can be extended to
other problems with similar forward

1.1

models.

Useful for reweighting, parameter ] B
estimation, model exploration and ~
unbinned fitting. 091

Example: efficiently exploring the loss 05
landscape in parameter space.

0.5 0.6 0.7 0.8 0.9
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Learning from data: HOMER

Histories and Observables for Monte-Carlo Event Reweighting: We take Pythia
as baseline and reweight that.

Run

We restrict ourselves to the ' =

: . S; ** St Siyw. |Histories
qq string emitting only //N N
pions. For simulation, we Ll AN >
record everything. For Sni Snc " Bnm,f— | Chains }
pseudo-data, only %N {mn1, Ent, P }
observable quantities. Shet*Sheb”*SheNy, | Breaks N> B N PN}
Event

{Z, AﬁTa m, fromPos, ﬁ’;tnng}hcb

Manuel Szewc Machine Learning for Hadronization 19



https://arxiv.org/abs/2410.06342

Learning from data: HOMER

Histories and Observables for Monte-Carlo Event Reweighting: We take Pythia
as baseline and reweight that.

Two step procedure: We
generate once and learn
the appropriate
reweighting function.
New model is Pythia +
weight.

(No rejection sampling
needed here, but we do
need to account for
filtering!)

Manuel Szewc

' Training Ty = 6(6)0\ Step 1
- ~ [e—uv@
~ Evaluation / 3 T
~en exp. ( . )
gl I-—pw(e ) = &
=2 h) = —
S1 S . 1 — y(Zn)
. accept 2
. S{l L. Step 2
S reject SNh,e Tp—> — w(ep)-------
Sh : Breaks & ¢ ( h) ;
: *N;l—l =i L.:
n’Nd . Sreject é.—wz >Hz Wienens
#2 “Chains —WNg
Simulatled data Step 3
{s‘}test_> R éw’» fdata(z)
20
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Comparing different possible measurements

Our simulation and data consist of full events. We use different Pythia
parameters to generate simulation and pseudo-data.

We consider three possibilities for available measurements:

- High-level observables (thrust, multiplicity,...) available only through
one-dimensional histograms (corresponds to available data).
- High-level observables available on an event-by-event basis.

- The complete set of particles with associated four-momenta (the point
cloud representation).

For all three cases, we perform HOMER. Performance is evaluated both at the
measurement level and at the fragmentation level

Manuel Szewc Machine Learning for Hadronization 21



Matching sim to data (unbinned high-level obs.)

= . [ Simulation
Our reweighted simulation | =
> 0.10- [ Inference
matches the data at the = ’_ HOMER
(é —] BesttNN
observable level. = e = Exact v,
The agreement is better for step =
1 than for step 2 / full weights 0.00 - - -
due to the combination of 19
additional bias + imperfect 2l e / 2 L g = 41000
£ 10 —— / X%~ Npins =4.28
i i X2 Npins = 9.7
training. 0.8 . . e

].O 15 =i Xz / Nbins =3.37
nf X2 / Npins = 1.25

Manuel Szewc Machine Learning for Hadronization 22




High

Matching sim to data (unbinned high-level obs.)

f

For our first step using high-level Br

variables, we use BDTs — i

Powerful, easy to tuneand also "

gives us feature importances c E

through SHAP values. (| inzg]) p
D &

Multiplicity is by far the most (1] = (| I )?

(Il zg] = (| nayl))®

important feature when

o . . ((1nafl - iz
matching simulation to data in R
our example.

Low

7]‘.45 7i.0 76.5 010 OT5 1?0 115
SHAP value (impact on model output)
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New underlying model (unbinned high-level obs.)

The weights are translated to a

data-driven fragmentation 1.51
function via a Graph Neural %1 i
Network-based architecture. ="

We see how the model almost 0.5
saturates what we can learn using 0.0
the chosen NN architecture and is '

a great fit to data. o 1.2
This is also observed for different = L0
m_ bins. 0.8

[ Data

[ Simulation

Machine Learning for Hadronization

HOMER
1 Best NN
/\ —+ %* / Nums = 5706
——————— = Xz / Nbins =7
— X2 / Noins = 9
0.0 0.2 0.4 0.6 0.8 1.0
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Comparing all three measurement choices

The three fragmentation functions are:

Binned high-level Unbinned high-level Point cloud

S =52/ 6 < —+ % 7! Q7 —+ /M 570
= 1.0 X2/ N = 3 = 1.0 e = 1.0 X2/ N = 46
—— X/ Mo =9 [a's —= X/ Mo =9 —+= Xx*/ Noins =9
0.8 0.8 0.8
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
V4 z V4

All three percent-level agreement! (and unbinned saturates the Best NN
architectural bound)

Manuel Szewc Machine Learning for Hadronization
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Take home message

We recover the underlying o

fragmentation function given only S10| =— 7/ L S
e, ® — X%/ Noins = 9.79

observable quantities. 0.8 10 5 ‘

X* / Nijis = 86
—— X*/ Npins = 337
ny — X/ Ny = 125

The Lund String model is still used as

a baseline, properly accounting for
the event structure is essential. %Z
o
So far flavour has been ignored, Tos
with only pions considered. 0.0
Additionally, gluons make things 12 —
trickier. gL T

0.0 0.2 0.4 0.6 0.8 1.0
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HOMERv2: Arbitrary multiparton strings

More realistic. More complex evolution
but unchanged sampled variables
(z,p,.flavor).

Two fundamental challenges:

- Degeneracies: observable events
less constraining of the
hadronization chain

- Multiple initial states:
accounting for finalTwo more
challenging

Additional challenge: parton shower
dominates the kinematics — Harder to
train first step classifier.

Manuel Szewc Machine Learning for Hadronization
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HOMERv2: Arbitrary multiparton

Similarity
kernel with a
tunable
parameter o_ to
average over
compatible
histories (ie
marginalization)

~ Evaluation

—

S

Winfer (€h7 9) -

|| Training

0 o0)
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|
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e >~ E( ______________________ -
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= Winfer (eh 3 9)
5
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i

Automatically
takes care of
multiple initial
states!
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HOMERv2: Arbitrary multiparton strings

> wHOMER(gj)ﬁh - FS(S;NJ.) )
> ND 3

Winfer (€h7 9) —

-E;h o te(gj]\f7) ‘)
Data-driven!

10° -2 In Welass, 49 + N gluons
i =
wn 2- 1
=10 i
<, !
- a
10! HOMER |
: 1.2 - R (R |
------- — 1 9 === bins =
0. = 0065 | = ”"7@ =0
100 ' . H ' e . . — XZ/Nb?mimzzl_
0.00 0.05 0.10 0.8 50 30 0o
O.s ’I’Lf — X*/ Nows = 1.56
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HOMERv2: Arbitrary multiparton strings

—

> wHOMER(Sj)|t_;h ~ te@n,) )

Winfer (€h7 9) —

—

Z] @ teh o te(ng7)D
Data-driven!
167 -2 In Wejass, 9@ + n gluons .
- i 210
21044 i g
= i 0.51
~ a
"L 10! HOMER | 00
------- O-S — 0-065 i 9 ]“2 /\ _|_ XZ/Nbins=11483
H =1.01- X%/ Noins =-2500-
100 ' ' ; i Qc'g = X/ Noins =3
0.00 0.05 0.10 0800 02 02 06 08 10
O z
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Take home message

By introducing a notion of distance,

we can effectively average out 277 5,7‘@:%:%
o~ —_— X?/Nb,‘,::1$2.21
0.8

compatible histories. The additional % % A
hyperparameter is tuned in data.

nf — X/ Noins = 1.56

This allows HOMER to deal with (in
principle) arbitrary string topologies
and degeneracies in the

measurements. JRTT— S
fv} 10 X2/ Noins-=-2500- +
~ — X/ Mo =3

0.8

0.0 0.2 0.4 0.6 0.8 1.0
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Conclusions

We have developed a method for learning a data-driven fragmentation
function from available measurements. The model is tied to the string
fragmentation picture to take advantage of the Pythia event generator.

The method has been tested for the single string case with arbitrary gluons
and producing only pions, with general flavor to be incorporated.

Any developments impact existing tuning efforts and uncertainty
estimations — RSA is an example of differentiable simulators through
reweighting

This is very much an open problem with many questions still unposed!

Manuel Szewc Machine Learning for Hadronization 32
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Backup slides




Momentum space for finding next hadronization

Manuel Szewc Modeling Hadronization with Machine Learning
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Limitations of the Lund String model

0O(20%) to O(50%) discrepancies between proton-proton and ion-ion collisions

Heavy particle composition as a function of event multiplicity is mismodelled at
high event multiplicities

Mismodelling of the mass dependence of the average transverse momentum

Minimum bias description can be incompatible because of low transverse
momentum mismodelling

Ridge in pp collisions missing in Pythia (and in general long range correlations are
hard to model)

Charged particle multiplicity spectrum is very sensitive to color reconnections and
MPI modelling

Manuel Szewc Modeling Hadronization with Machine Learning 35
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Learning with uncertainties

Any hadronization model should be able to deal in different uncertainties:

- Training uncertainties due to finite sample size of the training dataset
and the bias of the model
- Data uncertainties inherent to the training data, ie systematic effects

Even for the well established Lund String model, obtaining the uncertainties
on the parameters and translating them to observables is complicated

Can ML be a more natural way of working with uncertainties?

Manuel Szewc Modeling Hadronization with Machine Learning 36
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Uncertainty estimation in NNs

Usual ML models work as deterministic functions (even if the task is
probabilistic such as in NFs!). A lot of effort has gone into assigning
uncertainties to NNs. The two main methods are Ensembles and Bayesian
Neural Networks.

Prediction

10 { — Predictive mean +

BNNs learn a distribution over parameters, : Tohog e

Epistemic uncertainty

usually through Variational Inference.

y= 1 @O0XY)) >y = [ db fai0)p8]X.Y)
Image from
& http://krasserm.qgithub.io/R019/
-10 03/14/bayesian-neural-networ
* ks/
15 -10 -05 00 05 10 15
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Bayesian Normalizing Flows

We deploy a BNF to capture the training error. We still train on first hadronization
but now we capture a family of distributions

The BNF captures the
underlying
distribution.

The total uncertainty is
always higher than
the aleatoric Poisson
uncertainty due to the
additional epistemic
training error.

Manuel Szewc

<Nbin> BNF
—— Pythia

10 50

6000
= 4000
Q
O
2000
% 10 %0 30
2
2
ey
=
10 20 30
.

Pythia: 10° first hadronizations used to train the model. BNF: 10 first

'.i¢+

40 50

0.15

Ubin/ (Nbin>
sc->< 1/ \Y <Nl>in>
So10 .

o
=
=
[3)
= 0.05
on-h....:.."
0 2000 4000 6000
2
8
1
0 2000 4000 6000
<Nbin>

hadronizations for 5x10* models sampled from the BNF.
Modeling Hadronization with Machine Learning
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Bayesian Normalizing Flows

p. € [6.67,8.33) p. € [48.33,50.00)
10!
100 ,—/a/
E T Otrain
T Ogen
1071 E Obin
p T Ntra.il
10° ' 10° 10% ' 10°
Ngen Ngon

The training uncertainty becomes the limiting factor after a certain
generated size (which depends on the quality of training).

Manuel Szewc Modeling Hadronization with Machine Learning




Systematic Uncertainties

We capture systematic
uncertainties by conditioning
during training.

We propagate these uncertainties
through reweighting using the
exact learned likelihood.

b is an hadronization parameter
that has the same effect as
changing physical nuisance
parameters.

Manuel Szewc

0.20+ — bp=10.98
— b=0.8
— b=14
%0'15' --------------- by — bp = 0.8
i,
- D - R | bp—>bp=14
%O].O ......
()
0.051
0.001 , | ' ' ‘ : , ‘
00 25 50 75 100 125 150 17.5  20.0
2
9 ! *
+~
= .
R PR ¥
00 25 50 75 100 125 150 175  20.0
Ny,
5x10% strings
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Learning from data: MAGIC

We propose a new strategy, called
Microscopic Alterations Generated
from Infrared Collections. It is a
two-step procedure.

We generate once and learn the
appropriate reweighting function.

NF allows us to access exact
likelihnood!

Manuel Szewc

Modeling Hadronization with Machine Learning

Step 1: Train Base (B) - Model on Pythia generated hadron-level

output
Pythia
log- hadron-level
ikelihood outpuii
Dz

B-Mode
hadron-level

- observables

Update experiment
Prr(pzpr)

B-Model R t
FI‘-Model adron level i hadron-level |
outp “t et ﬂ observables
D2, DT} he o hi {p.,pr} @
_ Prr(p¥, pr)
Pa(pk, k)
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MAGIC

We compare the original learned model el

5x10° chains, 15 MAGIC runs

(base) with the target (here ] éNi EBase) ):ms

i - Ny) (Target) = 9.28
pseudo-data from Pythia with different | | ([]I7] (8 (Taned) = 9.0

. 61 1 NF (base)
parameters) and obtain a new model ol ) Torget
(tuned) é ) tuned)
S

We learn p(p,) from p(N,) (1 observable B
for a 1-dimensional fragmentation 21
function). 19

0 =1 T T

0 5 10 15 20

Ny,
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MAGIC

15 MAGIC runs

. . . 3049 \A = Bas
Because we are reweightinginterms | /N 0 ___ Tt
of the underlying hadronizations, we 9 Fing tuned
obtain a new hadronization model! 2.0
[y
. £ 1.5-
Here we worked only with p_. For =
(p,.p,), we need more observables to L0
break degeneracies. i b
004 |
0.0 0.2 0.4 0.6 0.8 1.0
Pz
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Pythia Kinematic Reweighter

For reasonable choices where the EN N
. =21 —— Fit0.26+0.04xx ]

coverage between baseline and 2 [ | Means :
. . . o4 ]
alternative is good, this represents a 5 | ]
very powerful method for reducing g3F .
simulation costs and perhaps a better [ ]
. = :

way to compute uncertainties on a : ]
given Monte Carlo prediction. ' E
0 (I) — I2IOI l I4I0I I I6I0I l I8I0I I 'I(I)O

Number of variations
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Pythia Kinematic Reweighter

Coverage diagnostics can be the

. variation 1—p Neg/N figure
mean of event weights and the = e : :
. ry = 0.657 (0.1+7.9) x 104 6.2 x 10
effective degrees of freedom. = 0.459 (12+24) x 107 19 10-! } g aadls
ry = 1.792 (114£04) x 1071 7.3 x 1074
. a"* = 0.68 0 1
As we move away from the baseline, a =030 ~(05£40)x 108 58x 1072 }ﬁg_l
a=0.55 —(24+47)x107* 82x10
ol _ —4 -1
performance worsens. - B s L e
b=0.58 (4.0+2.0) x 1072 2.3 x 1073
b= 0.80 (L4+14)x10-3 34x10-! ( fi& 2
b=1.07 —(34+37) x107* 88x107!
apase = 0.350 0 1
opr = 0.283 (1.240.8) x 1072 1.4 x 1072 } fig. 4
opp = 0.360 —(49£31)x107* 9.1x107!
ab®se = (.68, bPase = (.58 0 1
a=0.30,b=0.80 (46+13)x1072 57x1073 } fig. 5
a=0.76, b= 0.98 (12 0:7)i%10~2 21 % 1072
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RSA

Versatile and flexible approach to
parameter estimation. SBI via reweighting —
ML observables for tuning.

Example: Two parameter fit using different
observables, either high-level or ML based.
Here, contours estimated via bootstrapping
but autodiff gives us access to gradients for
uncertainty quantification.

Memory footprint and multiple base
parameterizations should be addressed
through dedicated efforts, especially when
scaling to more parameters, which RSA is built
todo.

arxiv:2411.02194 by N. Heller, P.
llten, T. Menzo, S. Mrenna, B.
Nachman, A. Siodmok, MS, A.

Youssef
1.104| *  Target
® Base
L2223 1D : {N,}
-
—— . - ’
1.05 4{5-==i 2D : {81, Np} T i o
s . AR o
| Sp— | 3D . {81,82, Nh} ,/:::,””? ‘,"’/
e En
/’:’/”"-. S ,5’/
P w LR g2
2o vk R Pid
1.00 B, LS
/:/)’/ & ':' "‘4“ "‘
- A
LA a_;’;?’“,ﬂ”
AT ,’.l' 3 7
”:;:?f ;-4(‘3&';9,99
L 25
, Wl P
0.95 4 /::,":”"7‘ % ;;}j;’"
s . 2z
2% L) Pocss
oA o Plovad
5% [ L St
/, 4”
7/ = 3
‘/ ”f’
0.90 +—=
o
T T T T T T T
0.62 0.64 0.66 0.68 0.70 0.72 0.74
a
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Learning from data: HOMER

Histories and Observables for Monte-Carlo Event Reweighting: We take Pythia
as baseline and reweight that.

| Training Ty = (5(6)1) Step 1
H ' Evaluation dl = />._>y(f)
The first step can deal | ﬁeh/ o
with event-by-event i} 5 \ | w(en) = V@)
S, 3 . 1—y(@
observables ! saccept<: y(@n)
(unbinned) or with g, &Sriect| i | R
. : Breaks L=——— In(1 —y(y)) — In(y(Z,
collections of 1d . ey — h§=: (1= (@) = 5 — 3 (y(@n))
: i B
histograms (binned). S gasa, 200 2
Simulated data [ — Z Naata (pkOi — B (%))
o, M o ry"
47
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https://arxiv.org/abs/2410.06342

Learning from data: HOMER

as baseline and reweight that.

| Training Nhad —2

. W; g 9 — H winfer g 6
- Evaluation infer (Shnv;,, 0) s (8hyp, 0)

For the second step,

We relate the event e winfer(ehae) - azc)slme winfer(ghNhae)
. Sl = plnfer( )
weights to the . Saccept§. — .

. : = " tep 2
fragmentation 3, Sreject e 2 —> [ — w(er)-—
weights and train AN o :

. el =2 S hex —'WQ ?
using a task specific SNaata Lolect é._wh [ wir
loss function ' ——— '

=

sim

1

<1D( winfer(efu 99) >
1 + winfer(eh; 90)

+ Welass(€n) In
) ' ( h> (1 + winfer(eh7 90)

1
fo= 32

>
1l

1
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Learning from data: HOMER

Histories and Observables for Monte-Carlo Event Reweighting: We take Pythia
as baseline and reweight that.

i
After training, we
reweight each . o Na Nue
history so that the S1 wiower (Sn) = | [ 1] @™ (her, 0)
reweighted run has § o=t
. h R
Ejh:trcck))rrte(c):t]zlgh_level : wexact(eh) =~ wHOMER(eh) = <wHOMER(Sh)>e(§h):eh
istributions— <
S~

Implicit definition of
fdata(z)'

Simulatled data Step 3
(Shesti—> | R | < 10— faata(2)
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New underlying model

We are using pseudo-data
generated with a different set of
Pythia parameters — We know
the optimal observable to
distinguish between simulation
and data.

This observable shows that our
model may be very good but still
not perfect — Degeneracies in
high-level observables +
imperfect NN modelling.

0.0-

[ Data
[ Simulation
[1 Classifier
[1 Inference
HOMER
[1 Best NN
[ Exact w.

10

1.0 =~ et =185437
—+— X2/ Nowms = 1900.67

0.5 X%/ Nijns = 1283.56
—— X* / Noiad = 1056.59
—— X%/ Npins = 1.03

1.5
. ¢_|_ X2 / Niins = 7972

Rat
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Comparing all three measurement choices

The best performance is for unbinned high-level observables. It is a good
compromise between correlation and inductive bias.

However, the drop-off is not too large for binned high-level observables. The
correlations are implicitly approximated via the simulator.

The point cloud performance is limited by finite statistics: we are “wasting”
events learning a good representation that is sensitive to hadronization.

Comparisons between choices are dependent on our simplified benchmark
and the fact we're performing a closure test.
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