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1. (String) Hadronization as an inverse problem
e The Lund “saddle point”

2. Data-driven hadronization models
e HOMER, 1HOMER, MAGIC, ..
3. Conclusions
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Hadronization (speed-run)

Converting colored partons to color-singlet hadrons

String
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String Hadronization (speed-run)

Converting colored partons to color-singlet hadrons

~écore?”’ params:

Lund string model

q Longitudinal consistency
) Sy | b causality +
R R 7 left/right symmetry

Schwinger pair

UpT,P = Pu,d/PS } production

Baryon (diquark)
59 X, y } production

A General Model for Jet Fragmentation

B. Andersson, G. Gustafson, B. Soderberg'

Department of Theoretical Physics, University of Lund, Solvegatan 14A, S-22362 Lund, Sweden
Fps 1. Heavy endpoints

Received 14 April 1983
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String Hadronization (speed-run)

Converting colored partons to color-singlet hadrons

gqg-string

1. Flavor selection p, &, x,y

+ hadron spectroscopy (B -p) (E.p)

. Pl t

2. String break k, ~ /,(0,0, I) 50 @\ @;ph)
3. Hadron kinematics %Ewpm
flz|m; Mz)oc(l_Z)AeX - A=a B=bpr+m),

1 zC P Z CEI+(aj—ai)+lf]-bm,3
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String Hadronization (speed-run)

L ~ | @sim(ePythia = 14, b, Opp P> S Xs Yy 1) = @data‘

~ Monash

Tony Menzo (Fexrmilab + U. Alabama) 7 Tuning data-driven hadronization models



String Hadronization (speed-run)

L ~ | @sim(é’Pythia = 14, b, Opp P S Xs Yy 1) = @data‘

~ Monash

(2)
HPythia
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Data-driven hadronization models

@Pythia(ePythia = {Cl, b ’ GpT’ P> f’ Xy Vs e }) — @ML surrogate(enetwork)

AR f
\:\‘\\I-z‘\ 3\ \ \\
SN 02730,
SO Pythia_,, . ~ Monash
‘\‘ N 67 /7 "
S £
Q‘ = %,;q,' XA QCZ

0(30)

network
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Data-driven hadronization models

MAGIC

A couple of nice ways to do
this..

Start from saddle point,
i.e. either 1. train
network to replicate micro
string model physics

@Pythia(HPythia) = @ML surrogate(enetwork)
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2311.09296

NF

Density
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https://arxiv.org/abs/2311.09296

Data-driven hadronization models
MAGIC

.. and let & . float to minimize |0, ... — Og.i.|

networ
x10*
3 () - N —— Base ) in (N},) (Base) = 7.23
¥ e Tareet ( HE (Ny,) (Target) = 9.28
o5 . ‘ ] (N},) (Tuned) = 9.30
Fine tuned G - I 1 NF (base)
9 () - | - L | Target
i - 1 NF (tuned)
iy } :
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Data-driven hadronization models
HOMER (2410.06342)

A couple of nice ways to do
this..

;;“Data

Normalized

Start from saddle point,
i.e. elither 2. train
network to distinguish
between sim and data

- - 4414141414141414141414141414.

Y (@Pythia(HPythia)) — Oa Y (@data) — 1

1

y(@)
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https://arxiv.org/abs/2410.06342

on models

Data-driven hadronizati

HOMER (gqg) .
. > A tep 1
Training 85 = O(eh) P
Evaluation / . \—; C y(L)
Lexp.—
> Ch .
Distribute . 51 | - w(ey) = Y0
classifier S A 1 —y(Zh)
weight amongst 3 a ) Step 2
string breaks to S, reject|  5Ni e Z,—| C > w(ep) -
minimilize . ; preaks ﬁ
—_ (l) : ~Np—1 w1 -
Welassifier I I Wnetwork Sn, Oreject é R |~ %—HZ VBt
. ata Chains WNp ¢
l . .
Simulated data Step 3
2410.06342 (Shiest—> | R |[<W—> faata(?)
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Data-driven hadronization models

HOMER (gq) 2410,06342 = D
HOMER
Best NN
Distribute
classifier
welight amongs
string breaks

minimize

_ I I (i
Welassifier Wn
i .

- | QW)
T~
-

7
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Data-driven hadronization models
HOMER (gg---q)

Evaluation Training --------- Accepted chain (Sij) 2503 05667 Step )

Observable ;
degeneracies . S, .
@(51). ~ (3,
requires N
smearing 1n &mma\\\ég
event space

7p = O(ep)
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https://arxiv.org/abs/2503.05667

Data-driven hadronization models

DIVIEFE K

Better observables? Which
| observables are maximally
sensitive to
hadronization?

' See HDSense (2602.01509)
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Data-driven hadronization models
iHOMER e

Formn(z) —mulate iyl : Work in collaboration
' with Anja, Ayo, Sofia,
. PX) . Tilman + MLhad

-----

2509, 03592
Training refinement
. Reweight [terate
allowing for n
iterations of HOMER - -
‘“cycles” improves RN T
® ;. +—+—\ / _+__*_ ¢
fit convergence %ﬁﬂ+ 3 Factorize ey
N wp) S . W(S)p(x)
Y

fuomer(2) = W(s) foyrun(2)
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https://arxiv.org/abs/2509.03592

Data-driven hadronization models

1HOMER

Training refinement

allowing for n
iterations of HOMER
¢“cycles” improves
fit convergence
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] — Data — Exact (0.40)

iHOMER-1 (4.53)

) — Gim — Fit (3.40) — iHOMER-3 (0.46)

2509.03592

e

.

ration
Sofia,
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Data-driven hadronization models

What about parton shower interplay?

How does the parton shower play into this game? Should I
be worried that hadronization can absorb effects from
the parton shower? Some can!

The Lund Model
1998

BO ANDERSSON

a

b (GeV ™)

k tc
6 7 [GeV/c]
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Massless m: M, dependence (running =)

Data-dxri .. oo  Imodels

What about pa o4 *Preliminary
MLhad 2610 .xxxxx

How does the | e? Should I
be worried thj- " - fects from
the parton sh{ .. ' -

1.0 -

0.9 7

p—t
&)

Pythia unc.

Theory / Pythia
p—
=

=
S
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Data-driven hadronization models
HOMER model compatibility analysis

What about different PS models?

HOMER is a powerful tool for investigating and
understanding model compatibility!

(931) = (F)

strmg string

(9’1) = (Z1)

strmg cluster
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Data-driven hadronization models

HOMER model compatibility analysis

HOMER 1<
underste
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General model
p(x)

*Preliminary

Reweighted string model
p(x) = (W(H) pres(H))

Factorized model
w(H) = [ [ w(s)

s€EH

®
Lund mixture

Lund family
w(s) = far(2Im3)/ fret(zIm7)
°

Lund closure test

® Shower variation

Cluster model ?

®
Beta mixture

Tuning

Upcoming work
in
collaboration
with Susie,
Ayo, Sofia,
Tilman + MLhad
2600« XXXXX

data-driven hadronization models



Conclusions MLHAD

Tuning data-driven hadronization models

e Data-driven hadronization models/
methods are rapidly approaching

“production” quality /%?;

e Flavor? Better observables? Train

," "" § N \
on data? ﬁjﬂxaf <

e Reweighting is pivotal to all of
the methods described here! (Take
it away Michael :))
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Conclusions MLHAD

Tuning data-driven hadronization models

e Data-driven hadronization models/
methods are rapidly approaching

“production” quality /%?;

e Flavor? Better observables? Train

," "" § N \
on data? ﬁjﬂxaf <

NN
e Reweighting is pivotal to all of
the methods described here! (Take
it away Michael :))
Thank you!

Tony Menzo (Fermilab + U. Alabama) 24 Tuning data-driven hadronization models






The squad

Michael
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Hadronization (speed-run)

Converting colored partons to color-singlet hadrons
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Hadronization (speed-run)
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Hadronization (speed-run)
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Hadronization (speed-run)

Converting colored partons to color-singlet hadrons
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