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Outline

1. (String) Hadronization as an inverse problem 
• The Lund “saddle point” 
2. Data-driven hadronization models 
• HOMER, iHOMER, MAGIC, … 
3. Conclusions
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Hadronization (speed-run)
Converting colored partons to color-singlet hadrons
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Cluster String



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

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

4

Cluster String



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

String Hadronization (speed-run)
Converting colored partons to color-singlet hadrons
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Lund string model

a, b

,σpT
ρ ≡ Pu,d /Ps

}
}

ξ, x, y

rb, rc

}
}

~“core” params:

Longitudinal consistency  
causality +  

left/right symmetry 

Schwinger pair 
production

Baryon (diquark) 
production

Heavy endpoints
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String Hadronization (speed-run)
Converting colored partons to color-singlet hadrons
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-stringqq̄

f(z |m2
T, M2) ∝

(1 − z)A

zC
exp [−

B
z ] , , A ≡ aj B ≡ b(p2

T + m2
h)

C ≡ 1 + (aj − ai) + rjbm2
h

2. String break ⃗k⊥ ∼ 𝒩2(0, σpT
I)

1. Flavor selection  
+ hadron spectroscopy

ρ, ξ, x, y

3. Hadron kinematics
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String Hadronization (speed-run)
ℒ ≃ |𝒪sim(θPythia ≡ {a, b, σpT

, ρ, ξ, x, y, …}) − 𝒪data |

∂ℒ/∂θPythia

θ(1)
Pythiaθ(2)

Pythia

ℒ

 Monash≃
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String Hadronization (speed-run)
ℒ ≃ |𝒪sim(θPythia ≡ {a, b, σpT

, ρ, ξ, x, y, …}) − 𝒪data |

∂ℒ/∂θPythia

...?θ
θ(2)

Pythia

ℒ

 Monash≃
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Data-driven hadronization models
𝒪Pythia(θPythia ≡ {a, b, σpT

, ρ, ξ, x, y, …}) → 𝒪ML surrogate( ⃗θnetwork)

∂ℒ/∂θPythia

θ(56)
network

θ(2)
Pythia

ℒ

 Monash≃
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Data-driven hadronization models

A couple of nice ways to do 
this… 

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

𝒪Pythia(θPythia) ≃ 𝒪ML surrogate( ⃗θnetwork)

MAGIC
2311.09296

https://arxiv.org/abs/2311.09296
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Data-driven hadronization models

… and let  float to minimize   θnetwork |𝒪network − 𝒪data |
MAGIC

2311.09296

https://arxiv.org/abs/2311.09296
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Data-driven hadronization models

A couple of nice ways to do 
this… 

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

y(𝒪Pythia(θPythia)) → 0, y(𝒪data) → 1

y(𝒪)

HOMER (2410.06342)

Simulation
Data

https://arxiv.org/abs/2410.06342
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Data-driven hadronization models

Distribute 
classifier 
weight amongst 
string breaks to 
minimize 
wclassifier − ∏

i

w(i)
network

HOMER ( )qq̄

2410.06342

https://arxiv.org/abs/2410.06342
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Data-driven hadronization models

Distribute 
classifier 
weight amongst 
string breaks to 
minimize 
wclassifier − ∏

i

w(i)
network

HOMER ( )qq̄
2410.06342

https://arxiv.org/abs/2410.06342
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Data-driven hadronization models
HOMER ( )qg⋯q̄

Observable 
degeneracies 

 
requires 
smearing in 
event space

𝒪(S1) ≃ 𝒪(S2)

2503.05667

https://arxiv.org/abs/2503.05667
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Data-driven hadronization models
HOMER ( )qg⋯q̄

Observable 
degeneracies 

 
requires 
smearing in 
event space

𝒪(S1) ≃ 𝒪(S2)

2503.05667

Better observables? Which 
observables are maximally 
sensitive to 
hadronization? 
See HDSense (2602.01509)

https://arxiv.org/abs/2503.05667
https://arxiv.org/pdf/2602.01509
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Data-driven hadronization models
iHOMER

Training refinement 
allowing for  
iterations of HOMER 
“cycles” improves 
fit convergence

n

Work in collaboration 
with Anja, Ayo, Sofia, 
Tilman + MLhad

2509.03592

https://arxiv.org/abs/2509.03592
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Data-driven hadronization models
iHOMER

Training refinement 
allowing for  
iterations of HOMER 
“cycles” improves 
fit convergence

n

Work in collaboration 
with Anja, Ayo, Sofia, 
Tilman + MLhad

2509.03592
2509.03592

https://arxiv.org/abs/2509.03592
https://arxiv.org/abs/2509.03592
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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!

1998
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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!

*Preliminary 
MLhad 2610.xxxxx
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Data-driven hadronization models
HOMER model compatibility analysis

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

ℋstring(𝒫1) = ℋstring(𝒫2)
?

ℋstring(𝒫1) = ℋcluster(𝒫1)
?

What about different PS models?
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Data-driven hadronization models
HOMER model compatibility analysis

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

ℋstring(𝒫1) = ℋstring(𝒫2)
?

ℋstring(𝒫1) = ℋcluster(𝒫1)
?

What about different PS models?

*Preliminary

Upcoming work 
in 
collaboration 
with Susie, 
Ayo, Sofia, 
Tilman + MLhad 
26xx.xxxxx
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Conclusions
Tuning data-driven hadronization models
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• Data-driven hadronization models/
methods are rapidly approaching 
“production” quality 

• Flavor? Better observables? Train 
on data?  

• Reweighting is pivotal to all of 
the methods described here! (Take 
it away Michael :))
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Conclusions
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• Data-driven hadronization models/
methods are rapidly approaching 
“production” quality 

• Flavor? Better observables? Train 
on data?  

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

Thank you!



Back-ups
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The squad
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Hadronization (speed-run)
Converting colored partons to color-singlet hadrons
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Hadronization (speed-run)
Converting colored partons to color-singlet hadrons
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